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ABSTRACT 
 
 Improvement of feed utilization of the dairy cow through genetic selection may be a 
solution to increasing the environmental and economic sustainability of the dairy industry.  
Understanding the genetic basis of feed efficiency is imperative such that selection 
strategies can be optimized.  The objective of this dissertation was to characterize the 
genetic architecture of feed efficiency, explore strategies for predicting genetic merit for 
feed efficiency, and consider the impact that selection for feed efficiency could have on 
related traits.  Feed efficiency-related phenotypes and genotypes were collected on 4,916 
cows from the United States, Canada, the Netherlands, and the United Kingdom.  Residual 
feed intake (RFI) was chosen as the measure of feed efficiency.  A genome-wide association 
study was performed separately for primiparous and multiparous cows, and genetic 
correlations were estimated with phenotypes in the two parity groups considered as separate 
traits.  Results from these analyses suggested that RFI is a highly polygenic trait and has a 
genetic basis that is distinct from production traits and differs between primiparous and 
multiparous cows.  Beta-3 adrenergic receptor (ADRB3) and leptin (LEP) were identified as 
candidate genes for RFI in primiparous and multiparous cows, respectively.  Because many 
loci explained genetic variation of RFI, genomic prediction strategies were explored such 
that genetic markers across the genome could be utilized to estimate breeding values for 
animals.  Results indicated that the accuracy of prediction was lower for RFI than related 
traits that in combination could be explored as predictors of feed efficiency.  On a subset of 
cows, surface body temperature as measured by thermal imaging was explored as an 
indicator trait and considered as an alternative strategy for use in the estimation of genetic 
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merit.  A positive relationship between rear leg temperature and RFI was established, and 
surface temperature was moderately heritable, but the percentage of variation in RFI 
explained by surface temperature and the confidence in genetic correlation between RFI and 
surface body temperature were weak.  In a final study, the possibility that improved feed 
efficiency may inadvertently favor cows that mobilize body tissue in early lactation was 
explored.  Feed efficient cows when defined as RFI carried more body condition throughout 
lactation and body condition loss was not different between feed efficient and inefficient 
cows.  In conclusion, implementation of selection strategies in conjunction with the 
consideration of adverse effects may be valuable to improve the feed efficiency of dairy 
cows.                       
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CHAPTER ONE 
GENERAL INTRODUCTION 
 
Introduction 
 
 Milk produced by the dairy cow is an integral part of the human diet across the globe.  
In a world where resources are limited, production of the milk with minimal inputs is 
essential for sustainability of this product as a food source. One such input is the feed 
provided to the cow for her to convert to milk along with that which she requires as an 
energy source for metabolic processes and other body functions necessary for survival.  By 
decreasing feed inputs for the same level of milk production or, conversely, maintaining the 
current level of feed inputs and increasing production, or somewhere in between, less land, 
water, and energy resources, to name a few, are required. 
 Decades of genetic selection for increased milk production have improved feed 
efficiency by diluting the proportion of feed that the cow eats that is attributed to maintaining 
herself.  However, the rate of increase of production is declining, and it is becoming more 
important to improve feed utilization by the cow at current levels of production.  Until 
recently, the implementation of genetic selection for improved feed efficiency has not 
occurred because of the challenge and expense associated with measuring feed intake on 
individual cows, which is necessary for accurately predicting her merit for feed efficiency.  
However, with the advent of genomics, the genetic merit of animals without phenotypes can 
now be estimated with adequate accuracy. Thus, a large, global effort has been established to 
improve feed efficiency through genomic selection.  One area not well understood that this 
collaboration has aimed to address is the underlying genes and biological mechanisms of 
feed efficiency.    
2 
 
 
 
Objectives 
The overall objective of this dissertation is to explore the genetic and biological basis 
of feed efficiency in lactating dairy cattle and the implications this has on selecting for 
improved feed efficiency for dairy cattle.  Specifically, the objective of the first chapter is to 
characterize the genetic architecture of residual feed intake, identify regions of the genome 
associated with variation in feed efficiency and suggest candidate genes that may be 
influencing feed efficiency phenotypes.  The second and third chapters offer suggestions of 
strategies for identifying superior animals for feed efficiency with the first focusing on 
genomic prediction and characterizing the accuracy of genomic estimated breeding values 
and the second exploring surface temperature as an indicator of feed efficiency whereby 
cows would be selected on estimated breeding values for surface temperature with the 
expectation of a correlated response for improved feed efficiency.  The final chapter 
discusses the relationship between feed efficiency and body energy reserves positing the 
impact selection for improved feed efficiency will have on the condition of the dairy cow.  
Data collection and calculation of RFI phenotypes used in chapters two and three 
were performed at the respective institutions of the coauthors listed in these chapters. The 
author of this dissertation performed the analyses presented in all chapters and managed a 
portion of the data collection at Iowa State University. 
Review of Literature 
 
 Globally, efforts are underway to improve feed utilization by dairy cows.  Improving 
feed utilization suggests that less land will be required for growing crops as animal feeds, 
less feed may need to be purchased by dairy producers, and less greenhouse gases will be 
emitted as a byproduct as the cow processes the feed (von Keyserlingk et al., 2013; Knapp et 
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al., 2014).  For instance, feed efficiency has been estimated to have an economic weight 
similar to that of longevity and greater than that of udder health, two traits that have been 
considered for selection in dairy cattle for more than a decade (Hietala et al., 2014; Miglior et 
al., 2005).  Feed efficiency has further been suggested to be the most important explanatory 
variable in farm greenhouse gas emissions (Thoma et al., 2013).  Over time, these global 
efforts have varied with definitions and approaches to improving feed efficiency, namely 
focusing on selecting for increased gross feed efficiency (GE), reduced residual feed intake 
(RFI), or simply reduced dry matter intake (DMI).  Each of these traits have had their time 
and place of importance with GE primarily as an industry benchmark and DMI for use in 
selection indices, but for the most part, because it is largely independent of production and 
thus is more reflective of net efficiency, RFI is the focus of this discussion of the current 
knowledge about the genetic and biological basis of feed efficiency. 
Genetic Aspects of Feed Efficiency 
Measures of feed efficiency and genetic parameters 
 Gross feed efficiency. Early exploration of improving feed efficiency focused on 
improving a relatively simple measure, GE.  Gross efficiency is typically defined as the 
amount of milk, adjusted for the percentage of fat, protein, and lactose present, per unit of 
dry matter intake.  Simply, it is the ratio of milk/feed.  Heritability estimates for GE were 
moderate, ranging from 0.12 to 0.63 (Korver, 1988).  However, genetic selection for gross 
efficiency has been discouraged for multiple reasons.  The first is that gross efficiency is a 
ratio trait and selection on a ratio trait can generate spurious results because selection 
pressure may be unevenly applied to the numerator or denominator (Gunsett, 1984).   
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The second downfall to gross feed efficiency is the relationship it has with health 
traits in dairy cattle.  As milk production by a cow rapidly increases shortly after she calves, 
the cow becomes unable to consume enough energy to support this, thus she begins 
mobilizing fat from what she has stored in adipose tissue.  This rapid breakdown of fat can 
lead to metabolic issues.  Cows that undergo this process appear feed efficient in terms of GE 
because they are producing high volumes of milk, but eating little.  The energy being put in 
her milk, however, is mobilized from her tissue reserves.  This rapid tissue mobilization has 
been associated with poor cow health and reproduction including decreased pregnancy rates 
and increased incidence of ketosis, mastitis, milk fever, and uterine infections (Roche et al., 
2009). 
Third, selection for improved GE offers little additional progress to improving feed 
efficiency relative to selection for increased milk production because of high genetic 
correlations between these two traits, ranging from 0.84 to 0.95 (Gravert, 1985; Korver, 
1988).  This measure may be inflated, though because of genotype and environment 
correlations where higher milk producing cows are fed diets with greater energy density, thus 
receive more energy per kg of DM and are enabled to produce more milk.  Nonetheless, the 
improvement in feed efficiency seen over the past 100 years has largely been due to increases 
in GE through the dilution of maintenance or, in other words, through increasing milk 
production and, consequently, decreasing the proportion of energy needed for survival 
(VandeHaar and St-Pierre, 2006).  
Residual Feed Intake. Residual feed intake is defined as the difference between 
actual intake and that which is expected based on production and was first studied in cattle by 
Koch et al. (1963). Residual feed intake is typically calculated as the residual of the 
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regression of DMI on what are considered component traits or energy sinks.  In lactating 
dairy cattle, these energy sinks typically include three outputs: 1) a form of energy-corrected 
milk production, 2) metabolic body weight (MBW) or some other estimate of the amount of 
energy required for survival, and 3) body weight change.  Therefore, at a phenotypic level, 
RFI is independent of the component traits and should have less health implications in 
comparison to GE because the energy sink, body weight change, considers changes in body 
tissues, thus cows that mobilize excessive quantities of body tissue to maintain milk 
production should not have an advantage in feed efficiency.  However, this has not clearly 
been shown at this time.  
Pedigree-based heritability estimates for RFI in lactating dairy cattle have been low to 
moderate, ranging from 0.00 to 0.45 (Berry and Crowley, 2013; Connor et al., 2013; 
Manafiazar et al., 2016).  In non-lactating, growing animals, heritabilities are often higher, 
ranging from 0.07 to 0.62 (Berry and Crowley, 2013).   
While phenotypically independent of component traits, genetic correlations with the 
component traits may not be zero, unless RFI is calculated as the genetic regression of DMI 
on the energy sinks (Kennedy et al., 1993). Thus selection on RFI could have a genetic 
impact on component traits.  For milk production, this concern seems to be minimal as 
estimates of genetic correlations between RFI and various measures of milk production range 
from -0.21 to 0.12 (Van Arendonk et al., 1991; Veerkamp et al., 1995; Fan et al., 1996).  
However, genetic correlations between body weight and RFI tend to be negative, ranging 
from -0.32 to 0.01 (van Arendonk et al., 1991; Veerkamp et al., 1995; Fan et al., 1996). On 
the other hand, genetic correlations between RFI and change in BW tend to be more positive, 
ranging from -0.03 to 0.57 (van Arendonk et al., 1991; Veerkamp et al., 1995).  Together, 
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these estimates indicate that feed efficient cows may be larger (genetically) but do not gain as 
much weight as feed inefficient cows.  Estimates of genetic correlations between DMI and 
RFI range from 0.35 to 0.51 (van Arendonk et al., 1991,; Lin et al., 2013; Manafiazar et al., 
2016), suggesting that if we selected to reduce RFI, DMI would also be reduced.  
Dry matter intake.  Albeit not a measure of feed efficiency per se, work has been 
done to select for reduce DMI directly.  Through the use of selection indices in which 
multiple traits can be considered simultaneously, DMI could be reduced with minimal impact 
on production or health related traits if they are also included in the index.  This approach has 
been favored in some countries because of its intuitiveness, accuracy of selection, and ease of 
calculation (van der Werf, 2004; de Haas et al., 2012). 
Heritability estimates for DMI are also low to moderate, ranging from 0.02 to 0.52 
(Berry and Crowley, 2013; Berry et al., 2014).  Genetic correlations between DMI and each 
of the three energy sinks are 0.44 to 0.95 with milk production, 0.23 to 0.86 with BW, and -
0.45 to 0.23 with BWC (Veerkamp, 1998). These relationships would need to be considered 
when selecting for reduced DMI because the positive genetic correlations between DMI with 
milk production and BW suggest that reducing DMI would also reduce milk production and 
cow size.  While ideal cow size is a controversial topic, reduced milk production would not 
be favored.  However, accounting for these genetic relationships can easily be implemented 
in selection indices such that increases in production and decreases in DMI are optimized 
(van der Werf, 2004).   
Genomic selection for improved feed efficiency 
 Genomic selection.  With the sequencing of the bovine genome (Bovine Genome 
Sequencing and Analysis Consortium et al., 2009), we can now select dairy cattle directly 
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based on their marker genotype.  By using densely spaced markers across the genome, one 
could accurately predict the genetic merit of individuals that have no phenotypes (Meuwissen 
et al., 2001).  These predictions are accomplished by estimating the genetic effect of each 
marker using a reference population consisting of animals with phenotypes and genotypes.  
These marker effects are then used to estimate a breeding value for genotyped animals, even 
though they do not have phenotypes.   
 Genomic selection is especially advantageous for difficult-to-measure and sex-limited 
traits because once the reference population is established, one can achieve relatively 
accurate estimates of breeding values for many animals without phenotyping (Hayes et al., 
2013).  However, it does not eliminate the need for phenotypes because marker effects can 
change, and need to be re-estimated to maintain accuracy of prediction.  Efforts to implement 
genomic selection for feed efficiency have recently begun in Australia (Pryce et al., 2015). 
 Genomics is also valuable in that the marker effects can be used to identify which 
regions of the genome are most influential for a trait.  By identifying at which markers 
differences in genotype are associated with the greatest proportion of total genetic variance, 
one can conclude that these regions likely harbor a quantitative trait locus (QTL).  
Quantitative trait loci are mutations in the genome that influence the trait.  The precise 
mutations are often unknown, but can be inferred based on markers due to linkage 
disequilibrium (LD).  Linkage disequilibrium is the non-random association of alleles at two 
or more loci.  Therefore, based on the presence of a known allele at a marker, because of LD, 
we can infer the allele present at a QTL.  The search for QTL is commonly performed 
through genome-wide association studies (GWAS), whereby one estimates the effect for 
each marker across the genome.  While GWAS can typically only broadly identify QTL, they 
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are a good starting point whereby databases and precise methods can then be employed to 
identify genes that likely harbor the mutations and maybe even the mutation itself (Weller 
and Ron, 2011). 
 After the advent of genomics, GWAS were rapidly performed for production-related 
traits, and have recently been performed for feed efficiency-related traits.  However, in dairy 
cattle many of these GWAS are on small datasets with limited statistical power to detect 
QTL or on growing heifers (Pryce et al., 2012; Yao et al., 2013).  Nonetheless, there have 
been QTL identified for feed efficiency in dairy cattle that have also been found to be related 
to feed efficiency in beef cattle (Sherman et al., 2009; Lu et al., 2013; Yao et al., 2013). 
Correlated response to selection 
 When improving a trait, one needs to consider how this impacts other traits because 
of a shared genetic basis, i.e., the correlated response to selection.  Correlated response can 
be both intentional and unintentional as well as favorable or unfavorable. 
 Indicator traits. Indicator traits are traits that are genetically related to the trait we are 
trying to improve, but that trait in itself is not the trait of interest.  They are often employed 
when the trait we would like to improve is difficult-to-measure, is measurable in only one 
sex, or is lowly heritable.  By selecting for improvement in the indicator trait, we aim for a 
correlated response in the goal trait.  One of the most widely used indicator traits in the dairy 
industry is somatic cell score (SCS) to improve mastitis resistance (Shook and Schutz, 1994; 
Powell et al., 2005).  Exemplifying an indicator trait, the heritability of SCS (0.06 to 0.12) is 
greater than that of mastitis (0.02 to 0.06), the genetic correlation between the two traits 
typically is 0.6 to 0.8, and SCS is a more objective measure than mastitis (Shook and Schutz, 
1994). 
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 Indicator traits for feed efficiency have been explored in many species.  One example 
is insulin-like growth factor-I  (IGF-I), a polypeptide that influences growth in the postnatal 
period, in pigs (Bunter et al., 2010).  In a line of pigs selected for five generations for reduced 
RFI, a genetic correlation of 0.84 between RFI and circulating IGF-I measured at 33 to 42 d 
was observed, along with a corresponding reduction in IGF-I in low RFI pigs (Bunter et al., 
2010).  Albeit not a selection study, circulating IGF-I has also been shown to differ by RFI 
group in beef cattle (Kelly et al., 2010), and Moore et al. (2005) estimated a genetic 
correlation of 0.41 between RFI and IGF-I.  In dairy cattle, ratios of milk fats as measured by 
mid-infrared spectrometry has been associated with variation in feed efficiency such that the 
correlation between RFI predicted from these ratios and true RFI was 0.65 (McParland et al., 
2014). 
 Unintentional correlated response to selection. Alternative to the typical favorable, 
expected correlated response to selection achieved when using indicator traits, one must also 
be wary of unfavorable, often unsuspected, correlated responses to selection.  Typically, 
these are adverse impacts on health.  One common concern when selecting for improved feed 
efficiency is reduced health due to the animal not eating enough to meet her energy demands 
for adequate immune function.  The fear is that if we are selecting animals to eat less, yet 
maintain production, we reduce the intake of animals such that they will not have enough 
energy to fight off pathogens upon infection.  However, feed efficient pigs have been shown 
to have fewer health issues than feed inefficient pigs (Meunier-Salaün et al., 2014) and 
maintain growth under experimental infection (Dunkelberger et al., 2015).  To date, this 
question has not been well-studied in dairy cattle.   
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 Selection for feed efficiency has also been shown to have implications on behavior.  
In swine, feed efficient pigs from lines divergently selected for RFI demonstrated fewer 
arousal and fear behaviors and longer time to approach novel stimuli (Colpoys et al., 2014).  
Feed efficient pigs also stand less and visit the feeder less frequently (Meunier-Salaün et al., 
2014).  Albeit not a selection study, RFI was positively associated with increased eating rate 
and daily feed events in beef cattle (Robinson and Oddy, 2004; Kelly et al., 2010). 
 Another concern, especially for dairy cattle, is that we are selecting animals that do 
not have enough body tissue reserves to meet the metabolic demands early on in lactation.  In 
growing dairy heifers, the genetic correlation between RFI and BCS was 0.71(Gonzalez-
Recio et al., 2014).  This correlation suggests that by selecting for reduced RFI, we would 
also select for reduced BCS.  Gilbert et al. (2012) found that selecting for reduced RFI in 
growing pigs was associated with increased mobilization of body tissues in sows.  However, 
this mobilization was not associated with reduced reproductive performance, in contrast to 
what has been found in dairy cattle (Roche et al., 2009).  
Temporal changes in feed efficiency. Over the course of a cow’s lifetime, her energy 
demands vary in magnitude and utilization.  Therefore, one cannot expect the genetic basis of 
feed efficiency to be stable over time (Spurlock and VandeHaar, 2013).  For instance, during 
the first year of a heifer’s life, focus is on her own growth, and then once she is pregnant, 
energy is required for the growth of her calf in addition to her own growth.  After parturition, 
at approximately two years of age, the cow needs energy for milk production yet her own 
growth has not ceased and will not until she is approximately three years of age.  While these 
different processes are apt to be regulated in part by a similar set of genes because all of them 
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require the utilization of nutrients, genes relevant for depositing body tissue may differ from 
those critical to generating milk fat, for example. 
Genetic correlations have been estimated between different age groups and across 
sexes in livestock to gauge the consistency of RFI.  The genetic correlation between RFI 
measured as a heifer and as a lactating dairy cow has been estimated at 0.67 (Gonzalez-Recio 
et al., 2014) but at 0.50 between growing and finishing steers (Durunna et al., 2011).  The 
genetic correlation between RFI in boars and sows has been estimated at 0.23 (Gilbert et al., 
2012).  Should the genetic relationship for RFI between bulls and cows be high, routine 
recording for feed intake could be focused and bull studs where mature animals are housed 
individually, thus DMI phenotypes could easily be gathered. Alternatively, high genetic 
correlations between young and old would permit selecting animals as replacements when 
they are young, potentially reducing the generation interval and increasing genetic progress.  
However, the genetic correlations listed above do not suggest strong genetic similarity of RFI 
between sexes or age groups.  Additionally, estimates of genetic correlations of RFI between 
stages of a lactation or between lactation and the dry period would also be valuable.  Daily 
estimates of heritabilities for RFI have been estimated within a lactation, ranging from 0.05 
to 0.45 during the first 100 DIM (Connor et al., 2013; Tempelman et al., 2015).   
Genetic correlations between DMI at different time points in life have also been 
estimated.  The estimate of DMI between growing heifers and lactating cows was 0.67 (Berry 
et al., 2014). Over the first 180 days of lactation, genetic correlations for DMI have ranged 
from 0.29 to 0.97 with neighboring time periods exhibiting a higher genetic correlation 
(Tetens et al., 2014). 
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Biological Basis of Feed Efficiency 
 The biological basis of feed efficiency is best understood when considering the flow 
of nutrients as the energy the cow consumes is turned into the end products of milk and body 
tissues.  Figure 1.1 provides a diagram of this net energy of lactation (NEL) system (National 
Research Council, 2001).  As energy is converted into these end products, some is lost along 
the way.  For instance, the gross energy that the cow consumes but is not retained for 
digestion (digestible energy) is lost as fecal energy.  However, not all energy available for 
digestion is actually digested; some is lost as urine and gas.  Likewise, not all energy that is 
digested is metabolized; some is lost due to processing the diet, or heat increment.  Energy 
that remains in the cow can be put into milk, used for maintenance, retained as body tissues, 
put toward a pregnancy, or used for activity.  Any energy that is lost along the way in 
conversion of GE to NEL is not considered valuable, thus reducing the energy lost at any of 
these stages would result in improvements in feed efficiency.  Likewise, while energy used 
for activity is considered net energy, it is not a valuable end product in the sense of creating a 
food product for humans, thus higher energy loss to activity is also considered inefficient.  
Following this notion, residual feed intake is a good measure for exploring the biological 
basis of feed efficiency because it is independent of the valuable uses of energy, namely milk 
output and energy put down in body tissues.  Therefore, when reducing RFI, one should be 
largely reducing the energy put toward these other energy losses. 
Relative to the wealth of knowledge that is available for laboratory animals, such as 
mice and rats, and for growing meat animals, such as pigs, chickens, sheep, and beef cattle, 
the biological basis of feed efficiency in lactating dairy cattle is limited. Therefore, because 
of the close relationship between beef and dairy cattle current knowledge covered in this 
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review about underlying causes of variation in feed efficiency primarily comes from beef 
cattle literature.  Herd et al. (2004) suggested five areas that account for animal differences in 
feed efficiency: intake of feed, digestion, metabolism, activity, and thermoregulation, 
although these categories are not completely independent from each other.  In a companion 
paper, Richardson and Herd (2004) further divided these breakdowns based on results from a 
one-generation selection study in beef cattle, which will serve as a guide for the potential 
biological and genetic differences in feed efficiency discussed here. 
 Feed Intake. The contribution of feed intake to variation in RFI predominantly refers 
to the biological differences resulting from ingesting greater quantities of feed.  Studies 
focusing on the energy expended as a consequence of ingesting a meal have largely been 
performed in sheep.  Webster et al. (1975) found that 40% of the total heat increment of 
feeding was lost from the gut, suggesting that the remainder of energy was lost in peripheral 
tissues. 
 Digestion. Digestible energy refers to the difference between the total amount of 
energy consumed and that which is lost in feces.  Richardson and Herd (2004) suggested that 
differences in digestion may account for 10% of the variation in RFI in steers, but results 
were mixed.  Richardson et al. (2004) found that differences in digestibility were associated 
with RFI during the digestibility measurement window, but not with RFI calculated over a 
broader feed intake measurement window. 
 Metabolism.  There are many metabolic processes that can lead to variation in RFI.  
Partial efficiencies of nutrient use for fat gain versus protein gain are 70 to 95 % and 40 to 50 
%, respectively (Herd and Arthur, 2009).  Richardson et al. (2001) demonstrated that steers 
born to low-RFI parents had less total body fat and more protein than those from high-RFI 
14 
 
 
 
parents.  Despite this, when considering the difference between metabolizable energy intake 
and energy retained as energy lost to heat production, they found that differences in body 
composition only explained 5 % of the variation in RFI, leaving 95 % to heat production. 
 Differences in feed efficiency in beef cattle have also been shown to be due to 
differences in mitochondrial activity.  Kolath et al. (2006) found that low RFI steers had 
increased mitochondrial respiration rates, though this was only supported in one study by 
Lancaster et al. (2014) with a second study showing no difference.  Alternatively, Lancaster 
et al. (2014) found that acceptor control ratios as computed from oxygen consumption were 
greater in low RFI steers than in high RFI steers, suggesting that ADP has greater control of 
oxidative phosphorylation in liver mitochondria of feed efficient cattle.   
 There have also been associations between differences in levels of metabolites and 
hormones and feed efficiency in cattle.  High RFI steers have been shown to have a higher 
concentration of leptin, a hormone produced in adipose tissue, than did low RFI steers 
(Richardson et al., 2004).  This pattern has been supported in dairy cattle, with the down-
regulation of the leptin gene in low-RFI cows (Xi et al., 2015) and a positive correlation 
between leptin and BCS in heifers (León et al., 2004).  Urea and creatinine have been shown 
to be positively and negatively correlated, respectively, with RFI (Richardson et al., 2004), 
suggesting that low RFI steers have a greater proportion lean and less fat content.   
 Activity. Activity levels also vary with RFI with higher RFI associated with greater 
activity.  In laying hens, activity-related heat production explained 29 to 54% of the 
difference in heat production between efficient and inefficient hens (Luiting et al., 1991).  
Robinson and Oddy (2004) found that high RFI was associated with more meals per day, 
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longer total time eating per day, and faster speed of eating in steers.  However, Drouilhet et 
al. (2016) found no relationship between feeding behavior and RFI in mule ducks.   
 Thermoregulation.  Albeit not well studied in cattle, thermoregulation has been 
shown to differ between feed efficient and inefficient chickens.  Thermoregulation refers to 
the process of maintaining a stable core body temperature, whether it is keeping the body 
from becoming too warm or from becoming too cold.  Plumage quality is important for 
thermoregulation in hens, and feed efficient hens have been shown to have better plumage 
quality than feed inefficient hens (Luiting et al., 1991).  In lactating dairy cattle, cold stress 
may be less of a concern because their lower critical temperature is -30 C (Young, 1981).  
However, with global warming, variation in energy expended in thermoregulation under heat 
stress could be a key driver of differences in feed efficiency.   
Conclusions 
 Implementation of the genetic selection for improved feed efficiency in dairy cattle 
has been a long-standing, global effort.  The estimation of genetic parameters, the premise 
that there is genetic variability for feed efficiency and has been established for decades, 
capitalizing on this variation and understanding the associated biology has been a challenge 
because of limited observations of feed efficiency phenotypes.  As more tools become 
available to automatically record feed efficiency phenotypes and to acquire and use dense 
genotypes of many animals, we are more equipped than ever to explore the genetic and 
biological basis of feed efficiency.  However, as with selection to improve any trait, one 
needs to proceed with caution such that correlated responses are considered, especially in 
regard to cow health and well-being. 
 
16 
 
 
 
References 
 
Berry, D.P., M.P. Coffey, J.E. Pryce, Y. de Haas, P. Løvendahl, N. Krattenmacher, J.J. 
Crowley, Z. Wang, D. Spurlock, K. Weigel, K. Macdonald, and R.F. Veerkamp. 2014. 
International genetic evaluations for feed intake in dairy cattle through the collation of 
data from multiple sources. J. Dairy Sci. 3894–3905. doi:10.3168/jds.2013-7548. 
 
Berry, D.P., and J.J. Crowley. 2013. CELL BIOLOGY SYMPOSIUM  : Genetics of feed 
efficiency in dairy and beef cattle. J. Anim. Sci. 91:1594–1613.  
 
Bovine Genome Sequencing and Analysis Consortium, R.L. Elsik, C. G.Tellam, and K.C. 
Worley. 2009. The genome sequence of Taurine cattle: A window to ruminant biology 
and evolution. Science (80-. ). 324:522–529. doi:10.1126/science.1169588. 
 
Bunter, K.L., W. Cai, D.J. Johnston, and J.C.M. Dekkers. 2010. Selection to reduce residual 
feed intake in pigs produces a correlated response in juvenile insulin-like growth factor-
I concentration. J. Anim. Sci. 88:1973–1981. doi:10.2527/jas.2009-2445. 
 
Colpoys, J.D., C.E. Abell, J.M. Young, A.F. Keating, N.K. Gabler, S.T. Millman, J.M. 
Siegford, and A.K. Johnson. 2014. Effects of genetic selection for residual feed intake 
on behavioral reactivity of castrated male pigs to novel stimuli tests. Appl. Anim. Behav. 
Sci. 159:34–40. doi:10.1016/j.applanim.2014.06.013. 
 
Connor, E.E., J.L. Hutchison, N.H. D, K.M. Olson, C.P. Van Tassell, J.M. Leith, and R.L. 
Baldwin VI. 2013. Use of residual feed intake in Holsteins during early lactation shows 
potential to improve feed efficiency through genetic selection. J. Anim. Sci. 91:3978–
3988. doi:10.2527/jas2012-5977. 
 
de Haas, Y., M.P.L. Calus, R.F. Veerkamp, E. Wall, M.P. Coffey, H.D. Daetwyler, B.J. 
Hayes, and J.E. Pryce. 2012. Improved accuracy of genomic prediction for dry matter 
intake of dairy cattle from combined European and Australian data sets. J. Dairy Sci. 
95:6103–12. doi:10.3168/jds.2011-5280. 
 
Drouilhet, L., R. Monteville, C. Molette, M. Lague, A. Cornuez, L. Canario, E. Ricard, and 
H. Gilbert. 2016. Impact of selection for residual feed intake on production traits and 
behavior of mule ducks. Poult. Sci. 95:1999–2010. 
 
Dunkelberger, J.R., N.J. Boddicker, N.V.L. Serão, J.M. Young, R.R.R. Rowland, and J.C.M. 
Dekkers. 2015. Response of pigs divergently selected for residual feed intake to 
experimental infection with the PRRS virus. Livest. Sci. 177:132–141. 
doi:10.1016/j.livsci.2015.04.014. 
 
Durunna, O.N., G. Plastow, F.D.N. Mujibi, J. Grant, J. Mah, J.A. Basarab, E.K. Okine, S.S. 
Moore, and Z. Wang. 2011. Genetic parameters and genotype × environment interaction 
for feed efficiency traits in steers fed grower and finisher diets. J. Anim. Sci. 89:3394–
3400. doi:10.2527/jas.2010-3516. 
17 
 
 
 
 
Fan, L.Q., J.W. Wilton, and P.E. Colucci. 1996. Genetic parameters for feed intake and 
efficiency in lactating beef cows. Can. J. Anim. Sci. 76:81–87. 
 
Gilbert, H., J.P. Bidanel, Y. Billon, H. Lagant, P. Guillouet, P. Sellier, J. Noblet, and S. 
Hermesch. 2012. Correlated responses in sow appetitie, residual feed intake, body 
composition, and reproduction after divergent selection for residual feed intake in the 
growing pig. J. Anim. Sci. 90:1097–1108. 
 
Gonzalez-Recio, O., J.E. Pryce, M. Haile-Mariam, and B.J. Hayes. 2014. Incorporating 
heifer feed efficiency in the Australian selection index using genomic selection. J. Dairy 
Sci. 97:3883–3893. doi:10.3168/jds.2013-7515. 
 
Gravert, H.O. 1985. Genetic factors controlling feed efficiency in dairy cows. Livest. Prod. 
Sci. 13:87–99. doi:10.1016/0301-6226(85)90013-2. 
 
Gunsett, F.C. 1984. Linear index selection to improve traits defined as ratios. J. Anim. 
Physiol. Anim. Nutr. (Berl). 59:1185–1193. 
 
Hayes, B.J., H.A. Lewin, and M.E. Goddard. 2013. The future of livestock breeding: 
Genomic selection for efficiency, reduced emissions intensity, and adaptation. Trends 
Genet. 29:206–214. doi:10.1016/j.tig.2012.11.009. 
 
Herd, R.M., and P.F. Arthur. 2009. Physiological basis for residual feed intake. J. Anim. Sci. 
87:64–71. doi:10.2527/jas.2008-1345. 
 
Herd, R.M., V.H. Oddy, and E.C. Richardson. 2004. Biological basis for variation in residual 
feed intake in beef cattle. 1. Review of potential mechanisms. Aust. J. Exp. Agric. 
44:423–430. doi:10.1071/ea02220. 
 
Hietala, P., M. Wolfová, J. Wolf, J. Kantanen, J. Juga, M.I. Pravia, O. Ravagnolo, J.I. 
Urioste, D.J. Garrick, T. Ahlman, M. Ljung, L. Rydhmer, H. Röcklinsberg, E. 
Strandberg, A. Wallenbeck, S. Gizaw, H. Komen, and J.A.M. van Arendonk. 2014. 
Economic values of production and functional traits, including residual feed intake, in 
Finnish milk production. Livest. Sci. 128:21–28. doi:10.1016/j.livsci.2009.10.016. 
 
Kelly, A.K., M. McGee, D.H. Crews, A.G. Fahey, A.R. Wylie, and D.A. Kenny. 2010. Effect 
of divergence in residual feed intake on feeding behavior, blood metabolic variables, 
and body composition traits in growing beef heifers. J. Anim. Sci. 88:109–123. 
doi:10.2527/jas.2009-2196. 
 
Kennedy, B.W., J.H. van der Werf, T.H. Meuwissen, S. Properties, and R.F. Intake. 1993. 
Genetic and Statistical Properties of residual feed intake. J. Anim. Sci. 71:3239–3250. 
doi:/1993.71123239x. 
 
 
18 
 
 
 
Knapp, J.R., G.L. Laur, P.A. Vadas, W.P. Weiss, and J.M. Tricarico. 2014. Invited review: 
Enteric methane in dairy cattle production: Quantifying the opportunities and impact of 
reducing emissions. J. Dairy Sci. 97:3231–61. doi:10.3168/jds.2013-7234. 
 
Koch, R.M., L.A. Swiger, D. Chambers, and K.E. Gregory. 1963. Efficiency of feed use in 
beef cattle. J. Anim. Sci. 22:486–494. 
 
Kolath, W., and M. Kerley. 2006. The relationship between mitochondrial respiration and 
residual feed intake in Angus steers. J. Anim. Sci. 84:861–865. 
 
Korver, S. 1988. Genetic aspects of feed intake and feed efficiency in dairy cattle: A review. 
Livest. Prod. Sci. 20:1–13. doi:10.1016/0301-6226(88)90049-8. 
 
Lancaster, P.A., G.E. Carstens, J.J. Michal, K.M. Brennan, K.A. Johnson, and M.E. Davis. 
2014. Relationships between residual feed intake and hepatic mitochondrial function in 
growing beef cattle. J. Anim. Sci. 92:3134–3141. doi:10.2527/jas2013-7409. 
 
León, H. V, J. Hernández-Cerón, D.H. Keislert, and C.G. Gutierrez. 2004. Plasma 
concentrations of leptin, insulin-like growth factor-I, and insulin in relation to changes 
in body condition score in heifers. J. Anim. Sci. 82:445–51. 
 
Lin, Z., I. Macleod, and J.E. Pryce. 2013. Short communication: estimation of genetic 
parameters for residual feed intake and feeding behavior traits in dairy heifers. J. Dairy 
Sci. 96:2654–6. doi:10.3168/jds.2012-6134. 
 
Lu, D., S. Miller, M. Sargolzaei, M. Kelly, G. Vander Voort, T. Caldwell, Z. Wang, G. 
Plastow, and S. Moore. 2013. Genome-wide association analyses for growth and feed 
efficiency traits in beef cattle 1. J. Anim. Sci. 91:3612–3633. doi:10.2527/jas2012-5716. 
 
Luiting, P., J.W. Schrama, W. van der Hel, and E.M. Urff. 1991. Metabolic differences 
between White Leghorns selected for high and low residual food consumption. Br. 
Poult. Sci. 32:763–782. doi:10.1080/00071669108417402. 
 
Manafiazar, G., L. Goonewardene, F. Miglior, D.H. Crews Jr., J.A. Basarab, E. Okine, and Z. 
Wang. 2016. Genetic and phenotypic correlations among feed efficiency, production 
and selected conformation traits in dairy cows. Animal. 10:381–389. 
doi:10.1017/S1751731115002281. 
 
McParland, S., E. Lewis, E. Kennedy, S.G. Moore, B. McCarthy, M. O’Donovan, S.T. 
Butler, J.E. Pryce, and D.P. Berry. 2014. Mid-infrared spectrometry of milk as a 
predictor of energy intake and efficiency in lactating dairy cows. J. Dairy Sci. 97:5863–
5871. doi:10.3168/jds.2014-8214. 
 
Meunier-Salaün, M.C., C. Guérin, Y. Billon, P. Sellier, J. Noblet, and H. Gilbert. 2014. 
Divergent selection for residual feed intake in group-housed growing pigs:  
 
19 
 
 
 
characteristics of physical and behavioural activity according to line and sex. Animal. 
8:1898–1906. doi:10.1017/S1751731114001839. 
 
Meuwissen, T.H.E., B.J. Hayes, and M.E. Goddard. 2001. Prediction of total genetic value 
using genome-wide dense marker maps. Genetics. 157:1819–1829. doi:11290733. 
 
Miglior, F., B.L. Muir, and B.J. Van Doormaal. 2005. Selection indices in Holstein cattle of 
various countries. J. Dairy Sci. 88:1255–1263.  
 
Moore, K.L., D.J. Johnston, H.U. Graser, and R. Herd. 2005. Genetic and phenotypic 
relationships between insulin-like growth factor-I (IGF-I) and net feed intake, fat, and 
growth traits in Angus beef cattle. Aust. J. Agric. Res. 56:211–218. 
doi:10.1071/AR04248. 
 
National Research Council. 2001. Nutrient Requirements of Dairy Cattle. 6. 7th rev. National 
Academic Press, Washington, DC. 
 
Powell, R.L., A.H. Sanders, and H.D. Norman. 2005. Accuracy and Stability of National and 
International Somatic Cell Score Evaluations. J. Dairy Sci. 88:2624–2631. 
doi:10.3168/jds.S0022-0302(05)72939-8. 
 
Pryce, J.E., J. Arias, P.J. Bowman, S.R. Davis, K. a Macdonald, G.C. Waghorn, W.J. Wales, 
Y.J. Williams, R.J. Spelman, and B.J. Hayes. 2012. Accuracy of genomic predictions of 
residual feed intake and 250-day body weight in growing heifers using 625,000 single 
nucleotide polymorphism markers. J. Dairy Sci. 95:2108–19. doi:10.3168/jds.2011-
4628. 
 
Pryce, J.E., O. Gonzalez-Recio, G. Nieuwhof, W.J. Wales, M.P. Coffey, B.J. Hayes, and 
M.E. Goddard. 2015. Hot topic: Definition and implementation of a breeding value for 
feed efficiency in dairy cows. J. Dairy Sci. 98:7340–50. doi:10.3168/jds.2015-9621. 
 
Richardson, E.C. a, and R.M.B. Herd. 2004. Biological basis for variation in residual feed 
intake in beef cattle . 2 . Synthesis of results following divergent selection Cooperative 
Research Centre for Cattle and Beef Quality . Aust. J. Exp. Agric. 44:431–440. 
doi:10.1071/EA02221. 
 
Richardson, E.C., R.M. Herd, J. a. Archer, and P.F. Arthur. 2004. Metabolic differences in 
Angus steers divergently selected for residual feed intake. Aust. J. Exp. Agric. 44:441–
452. doi:10.1071/EA02219. 
 
Richardson, E.C., R.M. Herd, V.H. Oddy, J.M. Thompson, J.A. Archer, and P.F. Arthur. 
2001. Body composition and implications for heat production of Angus steer progeny of 
parents selected for and against residual feed intake. Aust. J. Exp. Agric. 41:1065–1072. 
doi:10.1071/EA00095. 
 
 
20 
 
 
 
Robinson, D.L., and V.H. Oddy. 2004. Genetic parameters for feed efficiency, fatness, 
muscle area and feeding behaviour of feedlot finished beef cattle. Livest. Prod. Sci. 
90:255–270. doi:10.1016/j.livprodsci.2004.06.011. 
 
Roche, J.R., N.C. Friggens, J.K. Kay, M.W. Fisher, K.J. Stafford, and D.P. Berry. 2009. 
Invited review: Body condition score and its association with dairy cow productivity, 
health, and welfare. J. Dairy Sci. 92:5769–5801. doi:10.3168/jds.2009-2431. 
 
Sherman, E.L., J.D. Nkrumah, C. Li, R. Bartusiak, B. Murdoch, and S.S. Moore. 2009. Fine 
mapping quantitative trait loci for feed intake and feed efficiency in beef cattle. J. Anim. 
Sci. 87:37–45. doi:10.2527/jas.2008-0876. 
 
Shook, G.E., and M.M. Schutz. 1994. Selection on Somatic Cell Score to Improve Resistance 
to Mastitis in the United States. J. Dairy Sci. 77:648–658. doi:10.3168/jds.S0022-
0302(94)76995-2. 
 
Spurlock, D., and M. VandeHaar. 2013. Regulation of feed efficiency in dairy cattle. CAB 
Rev. Perspect. Agric. Vet. Sci. Nutr. Nat. Resour. 8. doi:10.1079/PAVSNNR20138039. 
 
Tempelman, R.J., D.M. Spurlock, M. Coffey, R.F. Veerkamp, L.E. Armentano, K.A. Weigel, 
Y. de Haas, C.R. Staples, E.E. Connor, Y. Lu, and M.J. VandeHaar. 2015. 
Heterogeneity in genetic and nongenetic variation and energy sink relationships for 
residual feed intake across research stations and countries. J. Dairy Sci. 98:2013–26. 
doi:10.3168/jds.2014.8510. 
 
Tetens, J., G. Thaller, and N. Krattenmacher. 2014. Genetic and genomic dissection of dry 
matter intake at different lactation stages in primiparous Holstein cows. J. Dairy Sci. 
97:520–31. doi:10.3168/jds.2013-7301. 
 
Thoma, G., J. Popp, D. Shonnard, D. Nutter, M. Matlock, R. Ulrich, W. Kellogg, D.S. Kim, 
Z. Neiderman, N. Kemper, F. Adom, and C. East. 2013. Regional analysis of 
greenhouse gas emissions from USA dairy farms: A cradle to farm-gate assessment of 
the American dairy industry circa 2008. Int. Dairy J. 31:S29–S40. 
doi:10.1016/j.idairyj.2012.09.010. 
 
Van Arendonk, J.A.M., G.J. Nieuwhof, H. Vos, and S. Korver. 1991. Genetic aspects of feed 
intake and efficiency in lactating dairy heifers. Livest. Prod. Sci. 29:263–275. 
doi:10.1016/0301-6226(91)90103-W. 
 
VandeHaar, M.J., and N. St-Pierre. 2006. Major advances in nutrition: relevance to the 
sustainability of the dairy industry. J. Dairy Sci. 89:1280–91.  
 
van der Werf, J.H.J. 2004. Is it useful to define residual feed intake as a trait in animal 
breeding programs? Aust. J. Exp. Agric. 44:405–409. doi:10.1071/EA02105. 
 
 
21 
 
 
 
Veerkamp, R.F. 1998. Selection for economic efficiency of dairy cattle using information on 
live weight and feed intake: a review. J. Dairy Sci. 81:1109–19. doi:10.3168/jds.S0022-
0302(98)75673-5. 
 
Veerkamp, R.F., G.C. Emmans, A.R. Cromie, and G. Simm. 1995. Variance components for 
residual feed intake in dairy cows. Livest. Prod. Sci. 41:111–120. doi:10.1016/0301-
6226(94)00056-D. 
 
von Keyserlingk, M.A.G., N.P. Martin, E. Kebreab, K.F. Knowlton, R.J. Grant, M. 
Stephenson, C.J. Sniffen, J.P. Harner, A.D. Wright, and S.I. Smith. 2013. Invited 
review: Sustainability of the US dairy industry. J. Dairy Sci. 96:5405–25. 
doi:10.3168/jds.2012-6354. 
 
Webster, A.J., P.O. Osuji, F. White, and J.F. Ingram. 1975. The influence of food intake on 
portal blood flow and heat production in the digestive tract of sheep. Br. J. Nutr. 
34:125–139. 
 
Weller, J.I., and M. Ron. 2011. Invited review: quantitative trait nucleotide determination in 
the era of genomic selection. J. Dairy Sci. 94:1082–1090. doi:68/jds.2010-3793. 
 
Xi, Y.M., Z. Yang, F. Wu, Z.Y. Han, and G.L. Wang. 2015. Gene expression profiling of 
hormonal regulation related to the residual feed intake of Holstein cattle. Biochem. 
Biophys. Res. Commun. 465:19–25. doi:10.1016/j.bbrc.2015.07.092. 
 
Yao, C., D.M. Spurlock, L.E. Armentano, C.D. Page, M.J. VandeHaar, D.M. Bickhart, and 
K.A. Weigel. 2013. Random Forests approach for identifying additive and epistatic 
single nucleotide polymorphisms associated with residual feed intake in dairy cattle. J. 
Dairy Sci. 96:6716–29. doi:10.3168/jds.2012-6237. 
 
Young, B.A. 1981. Cold stress as it affects animal production. J. Anim. Sci. 52:154–163. 
 
  
22 
 
 
 
Figure 
 
 
 
 
Figure 1.1. Diagram of the flow of energy from intake as gross energy to the output of three 
types of net energy: net energy of maintenance, net energy of lactation, and net energy of 
gain.  Dashed arrows denote energy that is lost. 
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CHAPTER TWO 
 
THE GENETIC AND BIOLOGICAL BASIS OF FEED EFFICIENCY IN MID-
LACTATION HOLSTEIN DAIRY COWS 
A paper to be submitted to the Journal of Dairy Science 
 
Hardie, L. C., M. J. VandeHaar, R. J. Tempelman, K. A. Weigel, L. E. Armentano, G. 
R. Wiggans, R. F. Veerkamp, Y. de Haas, M. P. Coffey, E. E. Connor, M. D. Hanigan, 
C. Staples, and D. M. Spurlock. 
 
 
Abstract 
 
The objective of this study was to characterize the genetic architecture and biological 
basis of feed efficiency in lactating Holstein cows.  In total, 4,916 cows with actual or 
imputed genotypes for 60,671 SNP had individual feed intake, milk yield, milk composition, 
and body weight records.  Cows were from research herds located in the United States, 
Canada, the Netherlands, and Scotland.  Feed efficiency defined as residual feed intake (RFI) 
was calculated within location as the residual of the regression of dry matter intake (DMI) on 
milk energy (MilkE), metabolic body weight (MBW), change in body weight, and systematic 
effects.  For RFI, DMI, MilkE, and MBW, bivariate analyses were performed in ASReml 
4.0, considering each trait as separate traits within parity group in order to estimate variance 
components and genetic correlations between them. Animal relationships were established 
using a genomic relationship matrix.  Genome-wide association studies were performed 
separately by parity group for RFI, DMI, MilkE, and MBW using the Bayes B method in 
GenSel version 4.4 with prior assumption that 1% of SNP have a non-zero effect.  One 
megabase (Mb) windows with the greatest percent of the total genetic variation explained by 
the markers (TGVM) were identified, and neighboring regions explaining a large proportion 
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of the TGVM were combined and reanalyzed.  Heritabilities estimated for RFI were 0.14 in 
primiparous cows and 0.13 in multiparous cows. Genetic correlations between primiparous 
and multiparous cows were 0.76 for RFI, 0.78 for DMI, 0.92 for MBW and 0.61 for MilkE. 
No single 1-Mb window explained a significant proportion of the TGVM for RFI; however, 
analyses identified adjacent regions explaining the greatest percent of the TGVM on 
chromosome 27 in primiparous cows and on chromosome 4 in multiparous cows.  Candidate 
genes in these regions include beta-3 adrenergic receptor and leptin, respectively.  Between 
the two parity groups, three of the 10 windows with the greatest effect on DMI also were 
located nearby windows with greatest effects on RFI, but not in the top 10 regions for MilkE 
or MBW. This result suggests there is a genetic basis for intake that is unrelated to energy 
consumption required for milk production or maintenance.  In conclusion, feed efficiency 
measured as RFI is a polygenic trait exhibiting a dynamic genetic basis and genetic variation 
distinct from that underlying expected maintenance requirements and milk energy output. 
Key words: GWAS, residual feed intake, feed efficiency, dairy 
Introduction 
 
Improvement in feed efficiency in dairy cattle is important in that it offers reduced 
greenhouse gas emission (Knapp et al., 2014), less land and resources needed for the 
production of feed (von Keyserlingk et al., 2013), and economic benefits through reduced 
inputs for equivalent output, as feed represents more than 50 percent of the total cost of 
producing milk (USDA NASS Wisconsin Field Office, 2015). Over the past 100 years, cows 
have become more feed efficient largely through increases in milk production diluting the 
proportion of feed directed toward maintenance (VandeHaar and St-Pierre, 2006).  However, 
because this effect diminishes with each successive increment increase in production relative 
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to body size, future gains via this route are unlikely (Vandehaar et al, 2016), warranting the 
exploration of the genetic basis of feed utilization in lactating dairy cattle.  
Identifying genetically superior animals for feed efficiency is a difficult task that 
requires many animals with phenotypes in order to accurately predict an animal’s genetic 
merit for feed efficiency.  Thus, a large collaboration between European and North American 
researchers has been established in order to pool feed efficiency data (Tempelman et al., 
2015).  To date, nearly 5,000 cows have been genotyped and phenotyped for feed efficiency 
and related traits.  Specifically, these cows have phenotypes for residual feed intake (RFI), 
which is defined as the actual intake minus the intake that is expected based on level of 
production (Koch et al., 1963). In mid-lactation dairy cows, RFI is often computed as the 
residual of the regression of intake on a form of energy-corrected milk production, metabolic 
body weight (MBW), and energy gained or lost in body tissues.  Tempelman et al. (2015) 
estimated RFI to have a heritability of 0.15, suggesting a genetic basis to RFI. 
Presently, a limited number of genome-wide association studies (GWAS) have been 
performed in order to identify quantitative trait loci (QTL) and subsequently candidate genes 
related to feed efficiency traits in dairy cattle.  These studies have either utilized relatively 
small populations with limited power to detect QTL (Verbyla et al., 2010; Yao et al., 2013) 
or investigated the genetic architecture of feed efficiency in non-lactating heifers (Pryce et 
al., 2012).  However, biological mechanisms underlying variation in feed efficiency in 
growing animals may not be the same as that for lactating animals (Spurlock and VandeHaar, 
2013).   
The goal of this study was to characterize the genetic basis of variation in feed 
efficiency in lactating dairy cattle.  To that end, we utilized data from nearly 5,000 lactating 
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Holstein cows to identify genomic regions and candidate genes associated with RFI and 
related traits.  Differences in the genetic basis of RFI associated with parity were also 
explored. 
Materials and Methods 
Data Collection 
For detailed information on the collection of phenotypes used in this project, see 
Tempelman et al. (2015).   For the current study, phenotypes meeting the criteria outlined 
below were available on 6,453 cows from research stations within the United States, Canada, 
the Netherlands, and the United Kingdom.  Records were very heterogeneous as described in 
Tempelman et al. (2015), but for each cow, most of the research stations provided daily feed 
intake and milk production, a minimum of starting and ending body weights for the recording 
period and biweekly milk samples for estimates of fat, protein, and lactose percentages. Only 
measurements collected between 50 and 200 days in milk (DIM) were used.   
Individual measurements were edited and then combined to form one 28-day average 
phenotype each for DMI, milk energy (MilkE) determined as the sum of the energy in the 
fat, protein, and lactose in the milk (NRC, 2001), MBW defined as BW
0.75
, and change in 
BW (ΔBW).  Phenotypes for RFI were calculated similar to Tempelman et al. (2015) within 
location as the residual of the regression of DMI on MilkE, MBW, and ΔBW along with 
systematic effects as in the following model:  
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where parityi is the fixed effect of parity (primiparous or multiparous), 
5
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k
ik ijlm
k
b DIM

  is the 
fifth-order Legendre polynomial regression of DMI on DIM with parity-specific regression 
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coefficients bik, 1  is the partial regression coefficient of DMI on MilkE, 2  is the partial 
regression coefficient of DMI on MBW, 
3  is the partial regression coefficient of DMI on 
∆BW, Ej is the fixed effect of experiment, Dl(j) is the random effect of diet within experiment, 
Tm is the random effect of test date, and RFIijlm is the random error term and the phenotype 
used for RFI in further analyses. Test date was defined as the middle date of the window 
during which the cow had data recorded.    
 Genotypes were determined using various commercially available SNP chips, with 
the number of genotypes per cow ranging from 3K to 700K.  All genotype data were 
processed by the Animal Improvement and Genomics Laboratory (AGIL, 
http://aipl.arsusda.gov; Wiggans et al., 2014).  A final data set with genotypes for 60,671 SNPs 
for each animal was generated using imputation methods employed through the software 
findhap f90 (http://aipl.arsusda.gov/software/findhap/).   In total, 4,916 cows had genotypes 
and phenotypes for all traits and up to one primiparous and one multiparous record for each 
cow were used.  Because a permanent environmental effect was not fit, if a cow had multiple 
multiparous records, the record used was randomly chosen.   
Genetic Parameters 
 Variance components, heritabilities, and genetic correlations for each trait (RFI, DMI, 
MilkE, and MBW) measured in first versus second or greater parities were estimated using 
bivariate analyses in ASReml 4.0 (Gilmour et al., 2015).  For each trait, the phenotype 
measured during first parity was considered as trait one and the phenotype measured in a 
second or greater parity was considered trait two.  For DMI, MilkE, and MBW, within each 
trait, the following model was used:  
28 
 
 
 
 
5
1
( ( )) ( )kijlmno i ijlmno ij mlji ijn io ijlmno
k
y DIM L D E L T L g 

         
where parity-specific (1 or ≥ 2) fixed and random effects were denoted by subscript i,  yijlmn is 
the observed DMI, MilkE, or MBW with overall mean µi, 
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Legendre polynomial regression of y on DIM, Li is the fixed class effect of location or (12 
levels), D(E(L))lji is the random effect of diet within experiment within location, T(L)ijn is the 
random effect of test date within location, gio is the random genetic effect of animal, and 
εijlmno is the random error.  Random effects were assumed to follow multivariate Normal 
distributions with mean equal to zero and covariance matrix:   
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where I denotes the identity matrix; G denotes the genomic relationship matrix that was 
constructed according to the first method of (VanRaden, 2008) using the 4,916 animals with 
phenotypes and genotypes; 
2
iDEL
  denotes the random variance for the interaction of diet 
within experiment within location for parity group i with subscripts 1 and 2 denoting 
primiparous and multiparous records, respectively; 
1, 2DEL DEL
 denotes the random covariance 
between the interaction of diet within experiment within location in primiparous and 
multiparous cows; 2
iTL
 denotes the random variance for location specific effects of test dates 
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with covariance 
1, 2TL TL
 between parity groups; 2
ig
  denotes the animal polygenic variance 
with covariance 
1, 2g g
 ; and 2
ie
  denotes the random error variance with covariance, 
1, 2e e
 . 
Because systematic effects were accounted for during calculation of RFI, only the animal 
effect was considered in the bivariate analysis between RFI estimated in primiparous and 
multiparous cows.     
Genome-wide Association Study    
Genome-wide association studies (GWAS) were performed to identify QTL related to 
RFI, DMI, MBW, and MilkE using GenSel version 4.0 (Fernando and Garrick, 2009; Garrick 
and Fernando, 2013).  Because the current version of GenSel does not accommodate random 
effects other than marker effects, adjusted phenotypes calculated as the sum of the animal 
and error terms from univariate analyses according to the models described above were used.  
.   
All non-monomorphic SNPs were used and missing genotypes were replaced with the 
mean genotype for that SNP following Boddicker et al. (2012).  Priors of genetic and residual 
variances used in subsequent Bayesian analyses were estimated using method Bayes C with π 
= 0 and 1 – π equal to the prior probability of the SNP being included in the model (Habier et 
al., 2011).  For this scenario, the marginal distribution of SNP effects follows a multivariate-
Normal distribution with null mean and common variance σα
2
 of SNP effects (Fernando and 
Garrick, 2013).  The following model was used: 
 
1
k
i j ij j i
j
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where yi is the phenotype, µ is the overall mean, 
1
k
j ij i
j
m 

 is the genomic breeding value, 
modeled as the sum across k included SNPs, with inclusion factor δj (coded 0 or 1) genotype 
m (coded as -10, 0, or 10)  and allele substitution effect αj for SNP j and random error ei.    
Following the above model, Bayes B with π = 0.99 was used to identify QTL. Bayes 
B assumes that the effect of each SNP follows an independent, Normal distribution with null 
mean and unknown SNP-specific variance. The prior for the SNP-specific variances was a 
scaled inverse chi-square, with scale parameter  and να degrees of freedom, thus allowing 
the variance of each SNP to differ (Fernando and Garrick, 2013). Markov chain Monte Carlo 
(MCMC) sampling with 120,000 iterations was used to estimate posterior means of SNP 
substitution effects with the first 20,000 iterations discarded as burn-in.  The SNPs were 
binned into non-overlapping 1-Mb windows according to the UMD 3.1 map of the Bos 
taurus genome (Genbank accession: DAAA00000000.2), and the proportion of genetic 
variation explained by each window was estimated following Wolc et al. (2012). Under the 
infinitesimal model, it was assumed that each 1-Mb window explained an equal amount of 
the total genetic variance.  Thus, the bovine genome was divided into 2,676 1-Mb windows, 
such that the expected percent of the TGVM explained by each 1-Mb window is 0.037%.  
Windows containing a SNP with an effect greater than expected for greater than 80% of the 
iterations were considered the most probable in harboring a QTL and declared significant 
(Wolc et al., 2012; Fernando et al., 2014).  Additional windows of interest were defined as 
any non-significant window of the ten windows explaining the greatest proportion of total 
genetic variation explained by the markers (TGVM) for each analysis.  
 Under the hypothesis that SNPs located in adjacent windows explaining large 
proportions of the total genetic variance were doing so because of linkage disequilibrium 
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(LD) with a single QTL, these windows were combined into an extended window to estimate 
the total amount of genetic variance explained by that QTL. As with 1-Mb windows, 
confidence that an extended window harbored a QTL was tested by considering whether or 
not it explained a greater than expected percent of the TGVM.  To calculate the expected 
TGVM for these extended windows, the expected percent of the TGVM for each 1-Mb 
window (0.037%) was multiplied by the number of 1-Mb windows that were combined.  
Estimates of the percent of the TGVM explained by each extended window were generated 
using MCMC sampling with 120,000 iterations with every 100
th
 iteration of the last 100,000 
iterations stored.  As with 1-Mb windows, a threshold of 0.80 was used such that if greater 
than 80% of the iterations generated a percent of the TGVM greater than expected for the 
extended window, the region was defined as significant and harboring a QTL.  
Identification of Candidate Genes 
 Positional candidate genes that may harbor mutations underlying the genetic variance 
in windows with greatest percent TGVM were explored using the NCBI genome database 
(http://www.ncbi.nlm.nih.gov/genome/) and BioMart (www.ensembl.org).  Focus was on genes 
located in significant regions or 2-Mb up and downstream of the significant windows as 
recommended based on simulation by Fernando et al. (2014).  Prior evidence of QTL near or 
in significant 1-Mb, extended windows, or windows of interest was explored using Animal 
QTLdb (www.animalgenome.ofg/QTLdb/; Hu et al., 2016).  
Results 
 
Records from a total of 4,916 cows were used, and 826 of these cows contributed 
both primiparous and multiparous phenotypes (Table 1).  On average, multiparous cows had 
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greater DMI, MBW, and MilkE compared to primiparous cows (Table 2).  The RFI of 
multiparous cows covered approximately twice the range of primiparous cows.  
Genetic Parameters 
Heritabilities estimated using bivariate analyses ranged from 0.13 for RFI in 
multiparous cows to 0.51 for MBW in primiparous cows (Table 3).  Heritability of RFI was 
0.14 in primiparous cows, but the estimate of additive genetic variance of RFI in primiparous 
cows (0.23 kg
2
) was approximately 50% of the estimate in multiparous cows (0.41 kg
2
).  
Phenotypic correlations between parities ranged from 0.27 for RFI to 0.76 for MBW.  
Genetic correlations ranged from 0.60 for MilkE to 0.91 for MBW. 
Genome-wide Association Study 
 1-Mb windows. In primiparous cows, only a small proportion of the genetic variance 
was explained by any one 1-Mb window for DMI, RFI, MilkE, or MBW (Figure 1).  The 
window located at 105 Mb on BTA 5 explained the greatest proportion of the TGVM for 
MBW and for all traits for this parity group (2.0%, Table 4).  Including this window, there 
were seven significant windows across the four traits in primiparous cows.  These included 
three windows for DMI (BTA 10, 25 and 26), and three additional windows for MBW (BTA 
4, 6, and 18).  For RFI, there were no significant windows. The window at 1 Mb on BTA12 
explained the largest proportion of genetic variance (1.06%), but the PPI was only 0.42 
(Supplemental Table S1).  Additional windows of interest for RFI were identified on BTA 1, 
2, 11, 18, 23, and 27. 
As in primiparous cows, only a small proportion of the genetic variance was 
explained by any one window for DMI, RFI, MilkE, or MBW in multiparous cows (Figure 
2).  For this parity group, four windows were considered significant.  These windows were 
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all identified for MBW and were located on BTA 14, 18, 22, and 28 with the window at 20 
Mb on BTA 28 explaining the greatest proportion of TGVM of any trait (1.6%, Table 5).  For 
these cows, the window at 20 Mb on BTA 28 explained the largest proportion of TGVM 
(0.7%), for RFI.  The PPI for this window was 0.49 (Supplemental Table S2).   Other 
windows of interest for RFI were all located on separate chromosomes, except for two 
nearby windows on chromosome 4.   
Extended windows. Across all traits and parities, four adjacent or nearby windows 
were combined into extended windows and tested to determine if they explained a greater 
than expected proportion of the TGVM.  In primiparous cows, multiple windows spanning 
from approximately 31 Mb through 38Mb on BTA 27 were identified as regions of interest 
for RFI.  Therefore, the markers from 31 through 38 Mb, or a span of 8 Mb were combined 
into one window and the GWAS was performed again to estimate the collective TGVM.  
Together, these markers explained 2.13% of the TGVM (Table 6).  In total, 95.3% of these 
iterations produced estimates of the percent of the TGVM greater than expected, allowing us 
to say with confidence that there is indeed a QTL for RFI in or near the region of 31 to 38 
Mb on BTA 27 (Supplemental Figure S1). In multiparous cows, on BTA 4, four 1-Mb 
windows from 93 Mb through 96 Mb were combined and a GWAS was performed again for 
RFI.  Together, the markers in this region explained 1.5% of TGVM.  However, this region 
was not considered significant because only79.5% of the iterations explained more than the 
expected proportion of TGVM. 
Two regions, one each for primiparous and multiparous cows that were extended for 
MBW.  In primiparous cows, windows beginning at 102 and 103 Mb on BTA 3 were 
combined.  The 1-Mb windows on BTA 7 from 92 through 93 Mb were both identified as 
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regions of interest for MBW and were combined for multiparous cows.  Only for MBW was 
the extended window considered significant.   
Discussion 
Genetic Parameters 
Feed efficiency is a complex trait that is influenced by multiple underlying traits, 
including DMI, milk production traits and maintenance energy requirements.  It is well 
established in this, and many other studies, that these underlying traits are influenced by 
genetics as reflected in heritability estimates ranging from 0.16 to 0.71; (Veerkamp, 1998), 
while our research also establishes a significant genetic component for RFI with heritability 
estimates ranging from 0.13 to 0.18 based on traditional pedigree (Tempelman et al., 2015) 
and the current genomic analyses.  Identifying and understanding the function of biological 
pathways underlying this genetic regulation of RFI could aid in the development of genetic, 
management, or nutritional strategies to improve feed efficiency in dairy herds.  However, a 
challenge in understanding this genetic architecture is that RFI appears to be a true 
multigenic trait that is influenced by many genes, each having a relatively small effect 
(Verbyla et al., 2010; Pryce et al., 2012; Yao et al., 2013).  Thus, it is important to minimize 
non-genetic factors that may compromise the ability to identify specific genomic regions of 
importance.  In the current study, we analyzed data separately for primiparous and 
multiparous cows because of potential physiological differences between parities that could 
influence the RFI phenotype.  Most notably, primiparous cows typically continue to grow in 
frame throughout their first lactation (Perotto et al., 1992) and this may impact the utilization 
of energy in primiparous compared to multiparous cows.  It is quite notable that the range of 
RFI phenotypes was greater for multiparous cows compared to primiparous cows in the 
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current study, and this was accompanied by a larger estimate of genetic variance for 
multiparous cows. Thus, underlying genetic variation may be expressed differently in 
primiparous versus multiparous cows.  For this reason, we chose to analyze RFI separately 
between primiparous and multiparous cows.       
Genome-wide Association Study 
Significant 1-Mb windows. A total of seven and four significant windows were 
identified across traits in primiparous and multiparous cows, respectively.  In primiparous 
cows, the three windows that explained the greatest proportion of the TGVM for DMI were 
significant.  Multiple candidate genes potentially impacting energy utilization and DMI are 
found near the window at 32 Mb on BTA 26 that explained the greatest proportion of TGVM 
for DMI.  Among these are the acyl-CoA synthetase long-chain family member 5 gene 
(ACSL5), which is associated with lipid metabolism and exhibits dynamic expression levels 
during the transition period (Bionaz et al., 2012; Loor, 2010).  The beta-1 adrenergic receptor 
(ADRB1) is located just downstream of this region at 34.8 Mb. Beta adrenergic receptors are 
important in the mobilization of fat, playing key roles in the initiation of lipolysis.  In 
humans, variants of this gene have been associated with body mass index (Dionne et al., 
2002) and atherogenic risk (Cruz, 2013).  The glycerol-3-phosphate acyltransferase, 
mitochondrial gene (GPAM) is involved in lipogenesis and has been shown to be upregulated 
in liver tissue from lactating cows fed diets with high energy density (Crookenden et al., 
2015).  The window explaining the second greatest amount of the TGVM for DMI, located at 
33 Mb on chromosome 10, harbors the eukaryotic translation initiation factor 2 alpha kinase 
4 gene (EIF2AK4), which is critical to responding to nutritional stress (Baird and Wek, 
2012) and has been associated with body mass index in humans (Yang et al., 2014).  The 
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third significant region for DMI in primiparous cows, located at 30 Mb on BTA 25 is home 
to the phosphorylase kinase gamma subunit 1 gene (PHKG1).  The gene product  functions 
in the activation of glycogen breakdown and has been associated with a deficiency of  
glycogen breakdown in pigs (Ma et al., 2014) and with differences in feed conversion ratio in 
broilers (Shah et al., 2016).        
Four windows explained a significant amount of TGVM for MBW for primiparous 
cows.  The region surrounding 105 Mb on BTA 5 has previously been identified as a QTL 
for body size traits in beef cattle (Saatchi et al., 2014).  This region harbors the gene that 
encodes the TP53-inducibile glycolysis regulator (TIGAR) alternatively known as fructose-
2,6-bisphosphatase. The distal-less homeobox5 (DLX5) gene is located at 14 Mb on BTA 4 
and has been associated with body size related traits including carcass length and fat 
deposition in pigs (Cheng et al., 2008). The window on BTA 6 was also a region of interest 
for MilkE in primiparous cows.   One candidate gene in this region is albumin (ALB), 
beginning at 90.2 Mb.  The protein product of this gene carries non-esterified fatty acids 
released from adipose tissue to the udder for the synthesis of milk fat.   Located just 
downstream of the window at 23 Mb, the adhesion G protein-coupled receptor G3 
(ADGRG3) gene, also known as GPR97, is integral to bone formation.  In mice, this gene has 
been shown to be the target of bone morphogenetic proteins signaling in the formation of 
long bones (Prashar et al., 2014).   
Four windows in multiparous cows explained a significant amount of the TGVM for 
MBW.  The region on BTA18 was previously identified in the United States dairy cattle 
population as related to body size traits.  A SNP in this window, ss86324977, had the greatest 
probability of a non-zero effect on MBW in the present study and was previously identified 
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as explaining the most variation for body depth, sire and daughter calving ease, sire and 
daughter stillbirth, rump width, stature, and strength (Cole et al., 2009).  In the previous 
study, a search in NCBI identified this SNP as located in an intron of the sialic acid binding 
IG-like lectin (Siglec)-5 gene, which has been shown to be linked to a leptin deficiency that 
may cause a delay in parturition. The region identified on BTA 14 has previously been 
identified as related to body weight traits in beef cattle (Saatchi et al., 2014). Candidate genes 
located in this region are the protein-L-Isoasparteate (D-Aspartate) O-methyltransferase 
domain containing 1 gene (PCMTD1), which was identified in a region explaining variation 
in body size traits in pigs (Liu et al., 2014) and snail family zinc finger 2 (SNAI2).  Variation 
in SNAI2 has been associated with scrotal circumference in Nelore cattle (Utsunomiya et al., 
2014) and mice deficient in the protein product, SLUG, have stunted growth during the first 
few weeks of life (Pérez-Losada et al., 2002).  The region on BTA 22 contains the 28S 
ribosomal protein S24, mitochondrial gene (MRSP24), which has previously been identified 
as a candidate gene for BW and chest size in pigs (Zhou et al., 2016), and the region on BTA 
28, which is near a window of interest for MilkE, has previously been identified as a QTL for 
birth weight in Angus cattle (McClure et al., 2010). 
Extended windows. Neighboring 1-Mb windows explaining large proportions of the 
TGVM may suggest the presence of a significant QTL where the effect of the QTL is spread 
across multiple markers in strong LD with the QTL.  For this reason, two extended regions 
were investigated for each both RFI and MBW. 
The extended window on BTA 27, which explained a significant proportion of the 
TGVM for RFI in primiparous cows, harbors the gene that encodes the beta-3 adrenergic 
receptor (ADRB3) beginning at 32.9 Mb.  As indicated above, beta adrenergic receptors are 
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important to the mobilization of energy from adipose tissue, serving as the gateway to 
lipolysis.  Agonists of the beta-adrenergic receptors have long been recognized as 
repartitioning agents that promote growth efficiency in meat animals (Etherton and Smith, 
1991).  However, their role in lactating animals is less well studied.   
It is interesting to note that lipolytic response to beta-adrenergic agonists declines 
with age in rodents (Yu et al., 1980; Giudicelli and Pecquery, 1978; Benjamin et al., 1961).  
If a similar decline occurs in cattle, this may in part explain why a significant QTL region 
was identified in primiparous but not multiparous cows. However it has been reported that 
ADRB3 mRNA expression in subcutaneous adipose tissue tended to be lower for from 
primiparous than multiparous cows at 90 DIM (Sumner and Mcnamara, 2007).   In general, 
mRNA expression of ADRB3 in bovine adipose tissue biopsies has been reported to be 
minimal (Casteilla et al., 1994), although not absent in all studies (Sumner and Mcnamara, 
2007), but all beta adrenergic receptors have been shown to be expressed in the bovine 
mammary tissue (Inderwies et al., 2003).   
Although not meeting the requirement for significance in this study, the extended 
region on BTA 4 harbors a candidate gene that encodes the hormone leptin (LEP), starting at 
93.2 Mb.   Leptin is produced in adipose tissue, proportionally to mass, and functions in part 
to maintain energy balance by regulating appetite (Barb et al., 2006; Henry et al., 1999). 
Leptin signals through the central nervous system to elicit changes in feeding behavior, 
metabolism and endocrine physiology (Frühbeck et al., 1998) and also stimulates lipolysis 
through autocrine/paracrine effects on adipocytes (Frühbeck et al., 1997, 1998; Siegrist-
Kaiser et al., 1997).  Expression of this gene has previously been associated with variation in 
RFI in dairy cattle (Xi et al., 2015).  Comparing mRNA levels in serum samples of cows with 
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low versus high RFI cows, these authors found that LEP, and other genes in  leptin-
neuropeptide Y signaling pathway were down-regulated in low RFI cows, suggesting that 
this pathway may affect feed efficiency.  In the current study, the 1-Mb window on BTA 4 
beginning at 95 Mb was also identified as a region of interest for DMI in multiparous cows.  
Variants in the LEP have previously been associated with variation in feed intake albeit in 
primiparous dairy cattle (Liefers et al., 2002; Banos et al., 2008). 
Two extended regions were investigated for their association with MBW in 
primiparous or multiparous cows.  Although neither extended region surpassed the 
significance threshold defined for this study, both regions have previously been associated 
with body weight traits in cattle.  The extended region on BTA 3 was previously identified as 
a QTL for body size related traits, including calf size and calving ease in Charolais cattle 
(Purfield et al., 2015).    Likewise, the extended region on BTA 7 was identified in previous 
studies in beef cattle for body-size related traits. Beginning at 92 Mb, this region has been 
significantly associated with birth weight, weaning weight, yearling weight, mature weight, 
and rib eye area in across multiple breeds of beef cattle (Saatchi et al., 2014; Weng et al., 
2016; Snelling et al., 2010).  One candidate gene in the region at 93 Mb on BTA7 is the 
arrestin domain containing 3 (ARRDC3).  The product of this gene has been known as a 
regulator of body mass, adiposity, and energy expenditure in mice (Patwari et al., 2011; 
Patwari and Lee, 2012). 
Pleiotropic or closely linked regions. Overlapping or nearby windows of interest for 
multiple traits were explored because of the possibility of a pleiotropic QTL causing genetic 
variation in multiple traits.  Regions in common between DMI and RFI but not MilkE and 
MBW were of particular interest because of the possibility that genetic variation here could 
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be exploited to reduce DMI without adversely impacting MilkE or MBW.  Three such 
regions were identified on BTA 12 and BTA 18 in primiparous cows and on BTA 4 in 
multiparous cows as previously discussed.   
In addition to the pleiotropic or closely linked regions on BTA 6 and 28 that 
contained significant windows and were discussed above, there were other regions of interest 
in common between multiple traits.  First, returning to the QTL on BTA 28, pleiotropy 
between MBW and MilkE is not surprising in light of the previous identification of QTL for 
milk yield and net merit in this region (Ashwell et al., 2004; Cochran et al., 2013).  Net merit 
is an index trait for which estimated breeding values are a weighted combination of 
production, conformation, health, and fitness traits (VanRaden, 2004).  One could surmise 
that if this region is related to variation in MilkE and MBW individually, it would also be 
relevant to these traits in combination.  Windows of interest were identified between 43 and 
46 Mb on BTA 13 and explained genetic variation for MilkE and RFI in multiparous cows. 
One candidate gene is the GDP dissociation inhibitor 2 (GDI2), which surfaced in an 
analysis of bovine mammary gland expressed sequence tags (Sonstegard et al., 2002).   
Pleiotropy is not surprising in light of the genetic correlations between these traits.  
Using nearly 2,000 US cows and more than 2,000 cows from the Netherlands, some of which 
were included in the current study, genetic correlations of 0.70 (the Netherlands) and 0.89 
(US) were estimated between RFI and DMI (Manzanilla-Pech et al., 2016).  In both the US 
and Dutch population of cows, genetic correlations were estimated at 0.63 between DMI and 
MilkE and at 0.56 in the Netherlands and 0.46 in the US populations between DMI and 
MBW.   
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Additional regions of interest. Although not associated with a significant PPI, a 
region on BTA12 explained the largest TGVM for RFI.  Candidate genes in this region 
include protocadherin 20 (PCDH20), tudor domain containing 3, ubiquitin carboxyl-terminal 
hydrolase 10-like, and diaphanous related formin 3 (DIAPH3). 
 One candidate gene within a window on BTA11, which is a region of interest for RFI 
in primiparous cows, is proopiomelanocortin (POMC).  Khan et al. (2012) showed that 
expression level of this gene differed in prepartum cows fed a control or moderate-energy 
diet, suggesting that it may play a role in energy balance and feed intake. Just upstream of 
this window, at 51 Mb, is the window that explains the eighth most variation in RFI in 
multiparous cows. One strong candidate gene in this region is hormone-sensitive lipase 
(LIPE), which participates in the mobilization of energy stored in adipose tissue.   
Conclusions 
 
 This study characterized the genetic architecture of RFI and related traits of DMI, 
milk energy and metabolic body weight.  In general, these traits are highly polygenic with no 
individual region explaining large proportions of the total genetic variation.  Furthermore, the 
genetic basis of these traits is not static throughout the life of the dairy cow as indicated by 
moderate genetic correlations between primiparous and multiparous cows.  Nevertheless, two 
QTL regions were identified: in primiparous cows, a significant QTL was identified for RFI 
on BTA 27 that harbors the positional candidate gene ADRB3, and the region of BTA 4 that 
harbors the gene encoding leptin was identified as a region of interest for RFI and DMI in 
multiparous cows.  Overall, these results illustrate the physiological complexity underlying 
the genetic regulation of feed efficiency in lactating dairy cattle. 
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Tables and Figures 
 
Table 2.1. Distribution of records with phenotype and genotype data by 
parity and location. 
 Primiparous Multiparous Total unique cows
1
 
United States 1916 1843 3309 
Canada 213 112 220 
Netherlands 581 372 937 
United Kingdom 365 340 450 
Total 3075 2667 4916 
1
 Difference between sum of primiparous and multiparous records and 
total unique cows is the number of cows contributing both primiparous 
and multiparous records. 
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Table 2.2. Means ± standard deviations and (minimum, maximum) for selected traits for 
primiparous (N=3075) and multiparous (N = 2667) cows: residual feed intake (RFI), DMI, 
metabolic body weight (MBW), milk energy (MilkE), milk yield (MY), percent fat in milk, 
percent protein in milk, change in BW (∆BW), and days in milk (DIM). 
  Primiparous  Multiparous 
RFI (kg)  0.00 ± 1.30 (-7.31, 5.47)  0.01 ± 1.79 (-13.81, 17.96) 
DMI (kg/d)  20.63 ± 3.23 (9.16, 32.68)  25.23 ± 4.47 (11.07, 44.72) 
MBW (kg)  114.6 ± 8.34 (61.6, 155.3)  129.5 ± 10.01 (94.22, 170.1 
MilkE (Mcal/d)  24.82 ± 4.54 (6.18, 39.45)  32.14 ± 5.83 (10.06, 52.74) 
MY (kg/d)  35.38 ± 6.74 (8.34, 56.51)  46.35 ± 8.72 (13.73, 77.66) 
Fat (%)  3.69 ± 0.50 (1.85, 5.59)  3.66 ± 0.57 (1.83, 6.45) 
Protein (%)  3.00 ± 0.28 (2.28, 4.11)  2.96 ± 0.32 (2.01, 4.70) 
∆BW (kg/d)  0.40 ± 0.47 (-5.21, 3.19)  0.29 ± 0.66 (-5.30, 4.83) 
DIM  85.01 ± 28.67 (61, 186)  89.28 ± 30.38 (63, 185) 
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Table 2.3. Estimates of phenotypic (rP), and genetic (rg) correlation, additive genetic variance 
(σa
2
) and heritability for residual feed intake (RFI), DMI, metabolic body weight (MBW), and 
milk energy (MilkE) for primiparous and multiparous cows. 
 rP rg  σ
2
a  h
2
 
    Primiparous Multiparous  Primiparous Multiparous 
RFI 0.27 (0.03) 0.76 (0.13)  0.23 (0.05) 0.41 (0.09)  0.14 (0.03) 0.13 (0.03) 
DMI 0.49 (0.03) 0.78 (0.07)  1.22 (0.14) 1.61 (0.24)  0.32 (0.03) 0.23 (0.03) 
MBW 0.78 (0.01) 0.92 (0.03)  24.7 (1.83) 33.5 (2.86)  0.51 (0.03) 0.46 (0.03) 
MilkE 0.49 (0.03) 0.61 (0.08)  3.18 (0.35) 3.44 (0.53)  0.31 (0.03) 0.20 (0.03) 
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Table 2.4. Location, percentage of total genetic variance explained, and rank of the 
ten one-megabase (Mb) windows that explained the most genetic variation in 
primiparous cows for each trait DMI, residual feed intake (RFI), milk energy 
(MilkE), and metabolic body weight (MBW).  Results are based on Bayes B 
analysis with 1 percent of SNPs included in the model and starting parameters based 
on Bayes C with all SNPs included in the model. 
Chromosome Mb
1
 Percent
2
 RFI
3
 DMI
4
 MilkE MBW 
1 52 0.64 3    
2 33 0.30 8    
2 98 0.85     
3 5 0.67     
3 102 0.55    9 
3 103 0.82    5 
4 7 0.58  10   
4 14 1.35    2* 
5 105 2.03    1* 
5 118 0.63  7   
6 88 1.15,0.79   1 6* 
7 18 0.49   9  
7 91 0.84    4 
8 76 0.52   8  
9 84 0.46   10  
10 33 1.87  2*   
11 68 0.59     
11 76 0.75 2    
12 1 1.06 1    
12 20 0.58  8   
12 25 0.62 4    
13 69 0.57    8 
17 30 0.72  5   
18 5 0.55   5  
18 23 1.15    3* 
18 64 0.29 9    
18 65 0.80  4   
19 38 0.47  9   
21 2 0.59   4  
21 12 0.53   7  
22 1 0.53    10 
22 37 0.60   3  
23 3 1.39   6  
23 39 0.30 7    
23 47 0.68  6   
24 7 0.75     
53 
 
 
 
Table 2.4 (continued) 
25 30 0.96  3*   
26 32 1.89  1*   
27 32 0.62 5    
27 33 0.47 6    
27 37 0.28 10    
28 15 0.84   2  
X 132 0.68    7 
1
Distance in Megabases to the start of the window 
2
Percent of the total genetic variance explained by the window. x,x reflects the traits 
in the order of the columns from left to right. 
3
Rank is based on the total genetic variance explained by the window with rank = 1 
denoting the window explaining the greatest percent of total genetic variance 
explained for that trait. 
4
*Posterior probability of inclusion in the model is greater than 0.8 
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Table 2.5. Location, percentage of total genetic variance explained, and rank of the 
ten one-megabase (Mb) windows that explained the most genetic variation in 
multiparous cows for each trait DMI, residual feed intake (RFI), milk energy 
(MilkE), and metabolic body weight (MBW).  Results are based on Bayes B 
analysis with 1 percent of SNPs included in the model and starting parameters based 
on Bayes C with all SNPs included in the model. 
Chromosome Mb
1
 Percent
2
 RFI
3
 DMI MilkE MBW
4
 
2 44 0.41  7   
2 53 0.95    5 
3 114 0.38  9   
4 93 0.60 3    
4 95 0.62, 0.55 5 5   
5 67 0.64  4   
5 118 0.38   7  
6 60 1.23  1   
6 128 0.32 10    
7 18 0.39   6  
7 27 0.29  8   
7 92 0.82    7 
7 93 0.83    6 
9 95 0.51   7  
11 51 0.34 8    
11 13 0.35   10  
11 66 0.73  2   
11 105 0.37  6   
13 43 0.34 7    
13 46 0.66   1  
14 11 0.68    9 
14 20 1.24    2* 
17 45 0.49     
18 23 0.66    10 
18 57 1.08    4* 
19 51 0.33 9    
20 27 0.39   4  
20 48 0.86   3  
21 16 0.51 4    
21 63 0.73    8 
22 1 1.19    3* 
24 54 0.64  3   
25 13 0.72 2    
26 7 0.80    7 
26 28 0.43 6    
26 39 0.47   8  
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Table 2.5 (continued) 
26 45 0.46   2  
28 20 1.62    1* 
28 24 0.43   9  
28 26 0.30  9   
28 33 0.74 1    
X
5
 30 0.56   5  
1
Distance in Megabases to the start of the window 
2
Percent of the total genetic variance explained by the window. x,x reflects the traits 
in the order of the columns from left to right. 
3
Rank is based on the total genetic variance explained by the window with rank = 1 
denoting the window explaining the greatest percent of total genetic variance 
explained for that trait. 
4
*Posterior probability of inclusion in the model is greater than 0.8 
5
X refers to the X-specific portion of the X chromosome 
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Table 2.6. Percentage of genetic variance explained and the corresponding percent of 
iterations in which the variance was greater than expected for windows extended 
beyond one megabase (Mb). 
Parity
1
 Trait
2
 BTA Position, Mb
3
 Percent
4
 Iterations (%) 
1 MBW 3 102-103 1.05 78.6 
 RFI 27 31-38 2.13 95.3 
2 MBW 7 92-93 1.59 92.2 
 RFI 4 93-96 1.50 79.5 
1
1, primiparous cows; 2, multiparous cows 
2
MBW = metabolic body weight; RFI = residual feed intake 
3
Location in Megabases of the window 
4
Percent of the total genetic variance explained by the window. 
  
  
 
 
Table 2.7. Candidate protein-coding genes within 2 megabases (Mb) of significant 1-Mb windows. 
Parity
1
 Trait BTA Position, Mb
2
 Candidate Genes 
1 DMI 10 33 BMF, BUB1B, C15orf51, DPH6, EIF2AK4, FAM98B, FSIP1, MEIS2, RASGRP1, 
SRP14, SPRED1, THBS1, TMCO5A, 
  25 30 AUTS2, CALN1, CHCD2, CRCP, GUSB,  NUPR2, KCTD7, PHKG1, RABGEF1, 
SBDS, SUMF2, TMEM248, TPST1, TYW1, WBSCR17   
  26 32 ACSL5, ADD3, ADRB1, CASP7, CCDC186, DCLRE1A, DUSP5, GPAM, HABP2, 
MXI1, NHLRC2, NRAP,  PDCD4, PLEKHS1, RBM20, SHOC2, SMC3, SMNDC1, 
TDRD1, TECTB, XPNPEP1, ZDHHC6 
 MBW 4 14 ASB4, ASNS, C1GALT1, COL28A1, DLX5, DLX6, DYNC1I1, MIOS, PDK4, PON1, 
PON2, PON3, PPP1R9A, RPA3, RPL7, SDHAF3, SLC25A13, TAC1,  
  5 105 ACRBP, AKAP3, ANO2, ATN1, B4GALNT3, C12orf57, C1RL, C1S, CCDC77, 
CCND2, CD4, CD9, CD27, CDCA3, CHD4, CLSTN3, COPS7A, DDX11, DYRK4, 
ENO2, FGF6, FGF23, FKBP4, FOXM1, GALNT8, GNB3, GPR162, IFFO1, ING4, 
IQSEC3, ITFG2, KCNA1, KCNA5, KCNA6, KDM5A, LAG3, LPAR5, LPCAT3, 
LRRC23,  LTBR, MLF2, MRPL51, NCAPD2, NINJ2, NOP2, NRIP2, NTF3, 
PARP11, P3H3, PEX5, PHB2, PIANP PLEKHG6, PRMT8, PTMS, PTPN6, RBP5, 
RHNO1, SCNN1A, SLC6A12, SLC6A13, SPSB2, TAPBPL, TEAD4, TIGAR, 
TNFRSF1A, TPI1, TSPAN9, TSPAN11, TULP3, USP5, VAMP1, VWF, ZNF384   
  6 88 ADAMTS3, AFM, AFP, ALB, AMBN, AMTN, ANKRD17, CABS1, COX18,CSN1S1, 
CSN2, CSN3, DCK, ENAM, EPGN, GC, GRSF-1, IL-8, JCHAIN, MOB1B, 
MTHFD2L, NPFFR2, ODAM, PPBP, RASSF6, RUFY3, SLC4A4, SULT1B1, 
SULT1E1, UGT2A3, UTP3  
  18 23 ADGRG3, ADGRG5, AKTIP, AMFR, ARL2BP, BBS2, CCDC102A, CCL17, CCL22, 
CES5A, CHD9, CIAPIN1, CNGB1, COQ9, CPNE2, CX3CL1, DOK4,  DRC7,  
FAM192A,  FTO, GNAO1, HERPUD1, IRX3, IRX5, IRX6, KATNB1, KIFC3, 
LPCAT2, MMP2, MT3, MT4, NLRC5, NUDT21, NUP93, OGFOD1, PLLP,  
5
7
 
  
 
 
Table 2.7 (continued) 
    POLR2C, RBL2, RPGRIP1L, RSPRY1, SLC12A3, SLC6A2, TEPP, TOX3, USB1, 
ZNF319 
2 MBW 14 20 ATAD2, DERL1, EFCAB1, FAM83A, HAS2, PCMTD1, PRKDC, SNAI2, SNTG1, 
SPIDR, ST18, TBC1D31, UBE2V2, WDYHV1, ZHX1, ZHX2 
  18 57 ACPT, AKT1S1, ALDH16A1, AP2A1, ASPDH, ATF5, BAX, BCAT2, BCL2L12, 
CA11, C19orf68, C19orf81, CABP5, CCDC114, CCDC155, CD37, CEACAM18, 
CLEC11A, CPT1C, CRX, CYTH2, DBP, DHDH, DKKL1, EHD2, ELSPBP1, 
EMC10, EMP3, ETFB, FAM83E, FCGRT, FGF21, FLT3LG, FUT1, FUT2,  FUZ, 
GLTSCR1, GLTSCR2, GRIN2D, GRWD1, GYS1, HAS1,  HRC, HSD17B14, 
IGLON5, IL4I1, IRF3, IZUMO1, IZUMO2, JOSD2, KCNA7, KCNC3, KCNJ14, 
KDELR1,  KLK1, KLK4, KLK5, KLK6, KLK7, KLK8, KLK10, KLK11, KLK12, 
KLK13, KLK14, LIG1. LIM2, LIN7B, LMTK3, LRRC4B, MAMSTR, MED25, 
MYBPC2, MYH14, NAPSA, NKG7, NOSIP, NR1H2, NTF4, NTN5, NUCB1, 
PIH1D1, PLEKHA4, PNKP, POLD1, PPFIA3, PPP1R15A, PPP2R1A, PRR12, 
PRRG2, PTH2, PTOV1, RCN3, RASIP1, RPL18, RRAS, RUVBL2, SCAF1, SEPW1, 
SHANK1, SIGLELC1, SLC17A7, SLC6A16, SNRNP70, SPACA4, SPACA6, SPHK2, 
SULT2B1,  SYNGR4, SYT3, TBC1D17, TEAD2, TMEM143, TRPM4, TSKS, TULP2, 
VN1R4, VRK3, VSIG10L, ZNF114, ZNF175, ZNF432, ZNF473, ZNF613, ZNF614 
  22 1 AZI2, CMC1, DBNL, EGFR, EOMES, LANCL2, MRPS24, NEK10, PGAM2, 
RBMS3, SEC61G, SLC4A7, UBE2D4, URGCP, VOPP1 
  28 20 ADO, ARID5B, CTNNA3, EGR2, JMJD1C, NRBF2, REEP3, RTKN2, ZNF365 
1
1, primiparous cows; 2, multiparous cows 
2
Significance declared when the posterior probability of inclusion of the 1-Mb window was greater than 0.8.  
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Table 2.8. Candidate protein-coding genes in windows extended beyond one megabase (Mb). 
Parity
1
 Trait BTA Position, Mb Candidate Genes 
1 MBW 3 102-103 ARTN, ATP6VOB, B4GALT2, CCDC24, DMAP1, DPH2, ERI3,IPO13, KDM4A, 
PTPRF, RNF220, ST3GAL3 
 RFI 27 31-38 ADAM2, ADAM9, ADAM18, ADAM32, ADGRA2, ADRB3, AP3M2, ASH2L, 
BAG4, BRF2, C8orf4, CHRNA6, CHRNB3, CSGALNACT1, DDHD2, DKK4, 
EIF4EBP1, ERLIN2, FGFR1, FNTA, GINS4, GOLGA7, GOT1L1, GPAT4, 
HGSNAT,  HOOK3, HTRA4, IDO1, IDO2, INTS10, IKBK, KAT6A, KCNU1, 
LETM2, LSM1, PLAT, PLEKHA2, PLP5, POMK, PROSC, PSD3, RAB11FIP11, 
RNF170, SFRP1, SH2D4A, SLC20A2, SMIM19, STAR, TACC1, THAP1, TM2D2, 
UNC5D,WHSC1L1, ZMAT4, ZNF703 
2 MBW 7 92-93 ADGRV1, ARRDC3, CETN3, LYSMD3, MBLAC2, POLR3G 
 RFI 4 93-96 AHCYL2, CALU, CCDC136, CEP41, COPG2, CPA1, CPA4, CPA5, FAM71F1, 
FLNC, IMPDH1, IRF5, KCP, KLHDC10, LEP, LRRC4, MEST, MKLN1, NRF1, 
OPN1SW, PLXNA4, PODXL, PRRT4, RBM28, SMO, SND1, SSMEM1, STRIP2, 
TMTM209, TNPO3, TSGA13, TSPAN33, UBE2H, ZC1HC1 
1
1, primiparous cows; 2, multiparous cows 
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Figure 2.1. Manhattan plots of 1-Mb windows for residual feed intake (RFI), DMI, and the energy sinks milk energy (MilkE) and 
metabolic body weight (MBW) in primiparous cows.  Chromosomal location XA refers to the pseudo autosomal portion of the X 
chromosome with the X-specific markers the set of black markers at the right edge of the plots. 
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Figure 2.2. Manhattan plots of 1-Mb windows for residual feed intake (RFI), DMI, and the energy sinks milk energy (MilkE) and 
metabolic body weight (MBW) in multiparous cows.  Chromosomal location XA refers to the pseudo autosomal portion of the X 
chromosome with the X-specific markers the set of black markers at the right edge of the plots.
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Supplementary Tables and Figures 
   
 
Supplemental Figure S2.1.  Distribution of genetic variance for each of 999 iterations for extended windows spanning from A) 
102 through 103 megabases (Mb) on BTA 3 for metabolic body weight (MBW) in primiparous cows, B) 31 through 38 Mb on 
BTA 27 for residual feed intake (RFI) in primiparous cows, C) 92 through 93Mb on BTA7 for MBW in multiparous cows and D) 
92 through 95 on BTA 4 for RFI in multiparous cows.  Labels for the x-axis denote the maximum value included in the 
corresponding bar. Expectations were 0.074%, 0.296%, 0.074%, and 0.148% for figures A through D, respectively.
6
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Supplemental Table S2.1. Ten 1-Mb windows with the greatest percent of the total genetic 
variance explained by the markers for each DMI, metabolic body weight (MBW), residual 
feed intake (RFI), and milk energy (MilkE) in primiparous cows. 
Trait Chromosome
1
 Location (Mb) No. SNP %Var PPI 
RFI 12 1 14 1.06 0.42 
RFI 11 76 21 0.75 0.39 
RFI 1 52 28 0.64 0.45 
RFI 12 25 23 0.62 0.43 
RFI 27 32 27 0.62 0.48 
RFI 27 33 23 0.47 0.37 
RFI 23 39 21 0.30 0.42 
RFI 2 33 21 0.30 0.31 
RFI 18 64 43 0.29 0.45 
RFI 27 37 28 0.28 0.38 
RFI 5 117 24 0.27 0.31 
RFI 14 70 26 0.26 0.35 
RFI 25 2 37 0.25 0.41 
RFI 5 106 28 0.25 0.36 
RFI 16 77 30 0.24 0.37 
RFI 6 113 30 0.23 0.35 
RFI 25 4 36 0.23 0.38 
RFI 25 0 39 0.20 0.42 
RFI 25 30 28 0.20 0.36 
RFI 19 29 31 0.19 0.42 
DMI 26 32 29 1.89 0.95 
DMI 10 33 17 1.87 0.93 
DMI 25 30 28 0.96 0.86 
DMI 18 65 48 0.80 0.78 
DMI 17 30 22 0.72 0.65 
DMI 23 47 34 0.68 0.73 
DMI 5 118 47 0.63 0.71 
DMI 12 20 22 0.58 0.60 
DMI 19 38 24 0.58 0.56 
DMI 4 7 34 0.58 0.64 
DMI 7 94 20 0.57 0.62 
DMI 13 6 18 0.54 0.56 
DMI 7 85 27 0.49 0.54 
DMI 13 54 18 0.49 0.55 
DMI 7 102 16 0.49 0.59 
DMI 13 46 30 0.47 0.65 
DMI 3 5 28 0.43 0.59 
DMI 9 23 28 0.42 0.55 
DMI 11 68 20 0.39 0.51 
DMI 12 1 14 0.36 0.47 
MilkE 6 88 36 1.15 0.85 
MilkE 28 15 26 0.84 0.79 
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1
 X refers to the X-specific portion of the X chromosome  
  
Supplemental Table S2.1 (continued) 
MilkE 22 37 20 0.60 0.64 
MilkE 21 2 18 0.59 0.76 
MilkE 18 5 26 0.55 0.65 
MilkE 23 3 26 0.54 0.57 
MilkE 21 12 31 0.53 0.68 
MilkE 8 76 24 0.52 0.58 
MilkE 7 18 31 0.49 0.59 
MilkE 9 84 16 0.46 0.47 
MilkE 3 112 35 0.45 0.63 
MilkE 4 95 22 0.45 0.55 
MilkE 5 75 25 0.43 0.50 
MilkE 6 74 25 0.42 0.48 
MilkE 6 78 14 0.41 0.46 
MilkE 1 126 23 0.39 0.49 
MilkE 13 34 11 0.39 0.42 
MilkE 2 98 20 0.38 0.46 
MilkE 24 7 27 0.37 0.51 
MilkE 5 74 23 0.37 0.47 
MBW 5 105 29 2.03 1.00 
MBW 4 14 19 1.35 0.95 
MBW 18 23 34 1.15 0.95 
MBW 7 91 32 0.84 0.69 
MBW 3 103 26 0.82 0.67 
MBW 6 88 36 0.79 0.89 
MBW X 132 15 0.68 0.70 
MBW 13 69 24 0.57 0.80 
MBW 3 102 26 0.55 0.60 
MBW 22 1 27 0.53 0.82 
MBW 9 48 16 0.53 0.66 
MBW 12 68 32 0.49 0.68 
MBW 24 34 29 0.47 0.59 
MBW 19 48 30 0.47 0.58 
MBW 17 33 25 0.45 0.64 
MBW 13 41 31 0.44 0.70 
MBW 20 9 30 0.44 0.64 
MBW 18 57 25 0.42 0.64 
MBW 7 102 16 0.42 0.61 
MBW 23 39 36 0.39 0.67 
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Supplemental Table S2.2. Ten 1-Mb windows with the greatest percent of the total genetic 
variance explained by the markers for each DMI, metabolic body weight (MBW), residual 
feed intake (RFI), and milk energy (MilkE) in multiparous cows. 
Trait Chromosome
1
 Location (Mb) No. SNP %Var PPI 
RFI 28 33 30 0.74 0.49 
RFI 25 13 24 0.72 0.43 
RFI 4 93 24 0.6 0.40 
RFI 21 16 25 0.51 0.44 
RFI 4 95 22 0.49 0.39 
RFI 26 28 22 0.43 0.35 
RFI 13 43 16 0.34 0.26 
RFI 11 51 11 0.34 0.25 
RFI 19 51 24 0.33 0.38 
RFI 6 128 24 0.32 0.34 
RFI 21 25 21 0.29 0.30 
RFI 11 12 31 0.25 0.35 
RFI 4 96 27 0.25 0.34 
RFI 1 53 20 0.24 0.32 
RFI 3 100 24 0.23 0.31 
RFI 3 99 24 0.23 0.31 
RFI 11 49 25 0.22 0.32 
RFI 5 63 22 0.22 0.30 
RFI 22 2 27 0.22 0.32 
RFI X 52 11 0.21 0.22 
DMI 6 60 18 1.23 0.66 
DMI 11 66 24 0.73 0.52 
DMI 24 54 17 0.64 0.49 
DMI 5 67 16 0.64 0.49 
DMI 4 95 22 0.55 0.57 
DMI 11 105 30 0.44 0.49 
DMI 2 44 16 0.41 0.41 
DMI 7 27 25 0.41 0.44 
DMI 3 114 30 0.38 0.48 
DMI 10 75 13 0.37 0.35 
DMI 5 93 20 0.33 0.39 
DMI 28 32 28 0.32 0.40 
DMI 11 12 31 0.30 0.41 
DMI 18 49 25 0.29 0.41 
DMI X 59 16 0.29 0.33 
DMI 3 115 23 0.28 0.37 
DMI 29 3 26 0.28 0.42 
DMI 8 9 26 0.27 0.40 
DMI 16 44 10 0.27 0.38 
DMI 10 74 25 0.26 0.41 
MilkE 13 46 30 1.41 0.79 
MilkE 26 45 35 1.10 0.77 
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Supplemental Table S2.2 (continued) 
MilkE 20 48 15 0.86 0.52 
MilkE 20 27 30 0.58 0.55 
MilkE X 30 17 0.56 0.47 
MilkE 10 75 13 0.54 0.40 
MilkE 9 95 27 0.51 0.52 
MilkE 26 39 26 0.47 0.49 
MilkE 28 24 24 0.43 0.50 
MilkE 11 13 34 0.35 0.50 
MilkE 10 6 23 0.34 0.47 
MilkE 6 90 22 0.34 0.42 
MilkE 19 60 51 0.31 0.57 
MilkE 28 33 30 0.30 0.43 
MilkE 5 110 26 0.28 0.42 
MilkE 11 105 30 0.28 0.40 
MilkE 14 4 47 0.26 0.53 
MilkE 5 118 47 0.26 0.53 
MilkE 13 25 26 0.25 0.37 
MilkE 2 71 22 0.25 0.37 
MBW 28 20 23 1.62 0.89 
MBW 14 20 28 1.24 0.85 
MBW 22 1 27 1.19 0.85 
MBW 18 57 25 1.08 0.83 
MBW 2 53 28 0.95 0.72 
MBW 7 93 23 0.83 0.71 
MBW 7 92 24 0.82 0.75 
MBW 21 63 27 0.73 0.64 
MBW 14 11 33 0.68 0.67 
MBW 18 23 34 0.66 0.64 
MBW 5 105 29 0.58 0.69 
MBW 2 74 19 0.53 0.56 
MBW 2 109 31 0.50 0.61 
MBW 8 109 28 0.49 0.59 
MBW 3 82 19 0.47 0.53 
MBW 14 72 21 0.46 0.57 
MBW 14 71 21 0.46 0.50 
MBW 23 12 24 0.42 0.58 
MBW 19 42 32 0.41 0.50 
MBW 20 46 21 0.36 0.49 
1
 X refers to the X-specific portion of the X chromosome 
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CHAPTER THREE 
 
CONSIDERATION OF PARITY IN GENOMIC PREDICTION OF FEED 
EFFICIENCY IN MID-LACTATION HOLSTEIN DAIRY COWS 
 
Hardie, L. C. and D. M. Spurlock. 
 
Abstract 
 
 The objective of this study was to characterize the influence of parity on genomic 
predictions for feed efficiency and related traits in dairy cattle.  Prior research has suggested 
that feed efficiency is a genetically different trait between primiparous and multiparous cows 
leaving uncertainty in regard to the ability to accurately predict an individual’s genetic merit 
for feed efficiency.  Feed efficiency was measured as residual feed intake (RFI), which is the 
difference between the cow’s actual and expected intake based on the following energy 
outputs: milk energy (MilkE), metabolic body weight (MBW), and change in body weight.  
Phenotypes and 60k genotypes were used on 4,916 cows from four countries: the United 
States, Canada, the Netherlands, and the United Kingdom. Of these cows, 2,249 had only 
primiparous records, 1,841 had only multiparous records, and 826 had both primiparous and 
multiparous records for a total of 3,075 primiparous and 2,667 multiparous records used.  
Two methods, BayesC0 and BayesB, were employed in three strategies to estimate the 
accuracy of genomic prediction for RFI, dry matter intake (DMI), MilkE, MBW, and milk 
yield.  The first strategy used 5-fold cross validation within each parity group.  Accuracy of 
prediction for RFI for this strategy ranged from 0.25 to 0.39 while accuracy for prediction for 
the other traits ranged from 0.49 to 0.65.  The second strategy used the cows with only 
primiparous records as the reference population and the records from cows with both 
primiparous and multiparous records as validation sets.  With this strategy, accuracy of 
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prediction was lower when using multiparous records than when using primiparous records 
for all traits, suggesting a genotype by parity interaction.  The third strategy, performed 
separately by parity group, used only records from North America and considered records 
prior to 2013 as the training data and records from 2013 to 2015 as the validation data.  
Under this strategy, for each trait, accuracy of prediction was generally lower than in 
strategies one and two.  Across all strategies, bias based on the regression of phenotype on 
estimated breeding value for the validation data was most variable for RFI, with estimates 
ranging from 0.42 to 2.08, and estimates across all other traits ranged from 0.80 to 1.42.  The 
low accuracy of prediction and high bias for RFI discourages the implementation of genomic 
selection for RFI for the genetic improvement of feed efficiency in Holstein dairy cattle. 
Key words: genomic prediction, residual feed intake, feed efficiency, dairy 
Introduction 
 Improvement of feed utilization by dairy cattle is important for the economic 
sustainability of dairy farming through reduced feed input costs and offers opportunity to 
reduce the dairy industry’s contribution to greenhouse gas production (von Keyserlingk et al., 
2013; Knapp et al., 2014).  A common measure of feed efficiency is residual feed intake 
(RFI), the difference between the actual amount of feed consumed and that predicted based 
on energy output.  In the lactating dairy cow, the amount of energy the cow is predicted to 
consume is typically calculated as the sum of that needed for milk energy production, 
maintenance requirements, and change in body weight (Connor, 2015).   
RFI is genetically a very complex trait, one where there are many loci that can 
contribute to variation within it (Hardie et al. unpublished data).  Therefore, genomic 
selection is suggested as a method to make improvements in this trait as it permits the usage 
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of genetic markers across the genome and thus is apt to capture genetic variation due to many 
loci (Meuwissen et al., 2001).  Genomic selection requires the development of prediction 
equations based on a reference population of animals with phenotypes and genotypes.  While 
in practice, the prediction equations are often used to estimate breeding values for young 
animals with genotypes but no phenotypes, the accuracy of these prediction equations can be 
assessed using a validation set of animals that also have both phenotypes and genotypes. 
The accuracy of genomic prediction has been assessed for RFI in dairy cattle (Pryce 
et al., 2012, 2015; Yao et al. in press).  However, the influence of parity on prediction 
accuracy has not been well assessed, and the genetic basis of feed efficiency may differ 
between primiparous and multiparous cows as indicated by a genetic correlation of 0.76 and 
the identification of different quantitative trait loci between the two parity groups (Hardie et 
al. unpublished data).   
The objective of this study was to assess the impact of parity on the ability to predict 
the genomic breeding value for feed efficiency and related traits.  In pursuit of this objective, 
three strategies for generating reference and test populations were explored, including 1) 5-
fold cross validation within parity, 2) using primiparous data as a reference set to predict 
genomic estimated breeding value (GEBV) tested with primiparous or multiparous data, and 
3) using ancestral North American data as the reference population and cows with more 
recent test dates as the validation population. Strategy 1 was selected as a standard method 
for evaluation of prediction accuracy. Strategy 2 targeted evaluating differences in prediction 
accuracy due to parity, and strategy 3 was employed to reflect genomic selection in practice 
where prediction equations are typically developed within country based on older animals 
and used to predict GEBV of younger animals. 
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Materials and Methods 
Data Collection 
Detailed information on the collection of phenotypes used in this project can be found 
in Tempelman et al. (2015).  Data were collected from research stations within the United 
States, Canada, the Netherlands, and the United Kingdom according to the animal care and 
use committees at their respective institutions.  Across the research stations, data were very 
heterogeneous, but most cows had daily feed intake and milk production, biweekly milk 
samples for the estimation of fat, protein, and lactose percentages, and starting and ending 
BW for the data recording window (Tempelman et al., 2015).  Data recorded prior to 50 or 
after 200 DIM were discarded.  In total, 6,453 cows had useable phenotypes. 
Individual measurements were edited, set to their BLUP estimates if missing, and 
then combined to form one 28-day phenotype each for DMI, milk energy (MilkE) 
determined as the sum of the energy in the fat, protein, and lactose in the milk (National 
Research Council, 2001), MBW defined as BW
0.75
, and change in BW (ΔBW; Tempelman et 
al., 2015).  Phenotypes for RFI were calculated with the 2-step modeling process similar to 
equation 2 described in Tempelman et al. (2015) although one 28-day phenotype was used as 
opposed to 7-day phenotypes in Tempelman et al. (2015). Phenotypes for RFI were 
calculated within location as the residual of the regression of DMI on MilkE, MBW, and 
ΔBW along with systematic effects as in the following model:  
5
1 2 3 ( )
0
k
ijlm i ik ijlm ijlm ijlm ijlm j l j m ijlm
k
DMI parity b DIM MilkE MBW BW E D T RFI  

         
 
where parityi denotes the fixed effect of parity (primiparous or multiparous), 
5
0
k
ik ijlm
k
b DIM

  
denotes the fifth-order Legendre polynomial regression of DMI on DIM with parity-specific 
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regression coefficients bik, 1  denotes the partial regression coefficient of DMI on MilkE, 2  
denotes the partial regression coefficient of DMI on MBW, 3  is the partial regression 
coefficient of DMI on ∆BW, Ej denotes the fixed effect of experiment, Dl(j) is the random 
effect of diet within experiment, Tm is the random effect of test date, and RFIijlm is the 
random error term and the phenotype used for RFI in further analyses. Test date was defined 
as the middle date of the window during which the cow had data recorded.    
 Genotypes were determined using various commercially available chips, with the 
number of genotypes per cow ranging from 3,000 to 700K.  All genotype data were 
processed by the Animal Genomics and Improvement Laboratory (AGIL, 
http://aipl.arsusda.gov; Wiggans et al., 2014).  A final data set with genotypes for 60,671 
SNP for each animal was generated using imputation methods employed through the 
software findhap f90 (http://aipl.arsusda.gov/software/findhap/).  In total, 4,916 cows had 
genotypes and phenotypes for all traits, and up to one primiparous and one randomly selected 
multiparous record for each cow were used.  Breakdowns for the number of genotyped and 
phenotyped animals from each country are available in Table 1.  There were 3,075 
primiparous records and 2,667 multiparous records, such that 826 cows had both a 
primiparous and a multiparous record.  
Adjusted Phenotypes 
 Phenotypes for DMI, MilkE, milk yield (MY), and MBW were adjusted for 
systematic effects within parity group (primiparous or multiparous) with the software 
ASReml 4.0 (Gilmour et al., 2015). The following model was used:   
5
1
( ( )) ( )kjlmno jlmno j mlj jn o jlmno
k
y DIM L D E L T L g 

       
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 where yjlmno is the observed DMI, MilkE, MBW, or MY with overall mean µ, 
5
1
k
jlmno
k
DIM

 is 
the fifth-order Legendre polynomial regression of y on DIM, D(E(L))mlj is the random effect 
of diet within experiment within location assumed to follow a Normal distribution (0, 2
DEL ), 
Tn is the random effect of test date assumed to follow a Normal distribution (0, 
2
TD ), go is the 
random genetic effect of animal following a Normal distribution (0, 2gG ) where G is the 
genomic relationship matrix, and εjlmno is the random error assumed to follow a Normal 
distribution (0, 2e ).  Matrix G was constructed according to the first method of VanRaden 
(2008), using only the 4,916 animals with phenotypes and genotypes.  The adjusted 
phenotype was calculated as the sum of the animal and error terms.   
Genomic Prediction 
Genomic prediction was performed for RFI, DMI, MBW, MilkE, and MY using 
GenSel version 4.4 (Fernando and Garrick, 2009; Garrick and Fernando, 2013).  All non-
monomorphic SNPs were used.  Missing genotypes were replaced with the mean genotype 
for that SNP (Boddicker et al., 2012).  The SNP were binned into one-megabase (Mb) 
windows, and within each lactation group, the proportion of genetic variation explained by 
each window was estimated using two Bayesian methods. Prior estimates of genetic and 
residual variances to be used in subsequent Bayesian analyses were calculated using one 
phenotype each from all 4,916 cows using Bayes C with π = 0 and 1 – π equal to the prior 
probability of the SNP being included in the model (Habier et al., 2011).  For this scenario, 
the marginal distribution of locus effects becomes a multivariate-t distribution with null 
mean, scale matrix I, where I is the identity matrix, and common variance vα degrees of 
freedom (Fernando and Garrick, 2013).  The following model was used: 
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
     
where yi denotes the phenotype, µ denotes the overall mean, 
1
k
j ij i
j
m 

 denotes the genomic 
estimated breeding value calculated as the sum across k included markers, with inclusion 
factor δj (coded 0 or 1) genotype m (coded as -10, 0, or 10)  and allele substitution effect αj 
for SNP j and random error ei.  
  Following the above model, two methods were used to estimate the SNP effects 
within lactation group.  One method considered was Bayes C with π = 0.  The second method 
was Bayes B with π = 0.99. Bayes B assumes that the effect of each SNP follows an 
independent, Normal distribution with null mean and unknown locus-specific variance. The 
locus-specific variance comes from a scaled inverse chi-square prior, with scale parameter  
and να degrees of freedom, thus allowing the variance of each locus to differ (Fernando and 
Garrick, 2013).  
 Three strategies were used to devise training and validation data sets.  For each 
strategy, cows were selected to serve as the training data from which marker effects were 
estimated for all non-monomorphic SNPs.  Different cows were then selected to serve as the 
validation set, for which genomic breeding values were estimated from the marker effects 
estimated on the training data.   
Accuracy of prediction, or the correlation between the true BV and GEBV was 
calculated as: 
 
( , *)
2
GEBV yr
Accuracy
h
   
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Where 
( , *)GEBV yr is the correlation between the GEBV and RFI or the adjusted phenotype for 
DMI, MBW, MilkE, or MY, and h
2 
is the heritability estimate within parity group (Hardie et 
al., unpublished data).  Bias of the prediction was estimated as the coefficient of the 
regression of phenotype on estimated breeding value.   
 Strategy 1: Five-fold cross validation. Within each parity group, records were 
randomly divided into five equal groups to be used in 5-fold cross validation.  For this 
strategy, four groups were combined to serve as the training data from which marker effects 
were estimated.  The fifth group served as the validation data for which genomic breeding 
values were estimated for the cows in this group. This process was repeated five times such 
that each group served as the validation set one time.  For primiparous cows, training sets 
included 2,460 cows, and validation sets included 615 cows.  For multiparous cows, training 
sets included 2,134 cows, and validation sets included 533 cows.   
  Strategy 2: Prediction of cows with primiparous and multiparous records. The 
2,249 cows with only primiparous phenotypes served as the training data to establish marker 
effects.  The 826 cows with both primiparous and multiparous records provided the 
validation data.  Within parity, these data were divided into two groups of 413 cows such that 
empirical standard errors of the estimates of accuracy and bias could be calculated.  
Therefore, for this strategy, one training set and four testing sets were used. 
 Strategy 3: Prediction of younger generations of North American cows.  The last 
strategy of genomic prediction only considered cows phenotyped in North America.  For this 
strategy, cows with phenotypes recorded prior to 2013 served as the training data, and cows 
with phenotypes recorded during the years 2013 to 2015 served as the validation data.  
Prediction was performed within parity group.  For primiparous cows, the training data 
75 
 
 
included 1,181 cows and the validation data included three groups each of 316 cows.  For 
multiparous cows, training data included 1,045 cows and testing data included three groups 
each of 303 cows. 
Results 
 Strategy 1. Prediction accuracies and biases are displayed in Figures 2A and 2B, 
respectively.  The accuracy for prediction of RFI using Bayes B in primiparous cows was 
0.25, the lowest for any method and any trait for this strategy.  Conversely, the highest 
accuracy of prediction under this strategy was for MilkE when using Bayes C0 in 
primiparous cows (rg,ĝ = 0.67 ± 0.07).  Accuracy differed the most by parity group for RFI 
and MBW, albeit in opposite directions.  For RFI, accuracy was greatest for multiparous 
cows regardless of method (rg,ĝ = 0.39 ± 0.05 and 0.39 ± 0.04 for Bayes B and Bayes c0, 
respectively), and for MBW, accuracy was greatest for primiparous cows (rg,ĝ = 0.62 ± 0.06  
and rg,ĝ = 0.65 ± 0.05 for Bayes B and Bayes c0, respectively).  For both traits, the alternative 
lactation group saw a greater than 0.10 decrease in accuracy regardless of method. 
 Bias was very close to one regardless of method or parity group for DMI, MBW, 
MilkE, and MY.  Of these traits, the greatest difference from one occurred in multiparous 
cows for DMI (by,ĝ = 1.08 ± 0.27 and by,ĝ = 1.09 ± 0.25 for Bayes B and Bayes C0, 
respectively).  Bias for RFI saw much greater variation and difference from one, especially in 
multiparous cows.  In this lactation group, bias equaled 1.63 ± 0.38 and 1.67 ± 0.38, for 
Bayes B and Bayes C0, respectively.  In contrast, bias equaled 0.70 ± 0.31 and 1.0 ± 0.52 for 
Bayes B and Bayes C0, respectively, in primiparous cows.   
 Strategy 2.  In this strategy, marker effects were estimated based on primiparous 
cows and used to predict breeding values for primiparous or multiparous cows.  For all traits, 
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higher accuracies were achieved when predicting breeding values established from 
primiparous phenotypes than when using multiparous phenotypes.  In primiparous cows, 
accuracies were highest for MilkE (rg,ĝ = 0.76 ± 0.05 and 0.82 ± 0.10 for Bayes B and Bayes 
C0, respectively).  In multiparous cows, accuracies were highest for MY (rg,ĝ = 0.63 and 0.64 
for Bayes B and Bayes C0, respectively). Accuracy of prediction when using multiparous 
RFI phenotypes did not statistically differ from zero (rg,ĝ = 0.10 ± 0.20 and rg,ĝ = 0.11 ± 0.27 
for Bayes B and Bayes C0, respectively). 
   Bias differed from one for all traits.  Regardless of parity or method, bias was 
greater than one for DMI, MilkE, and MY ranging from 1.09 ± 0.11 to 1.33 ± 0.21.  The 
greatest variation was seen in multiparous cows for RFI (by,ĝ = 1.09 ± 0.83 and by,ĝ = 1.08 ± 
1.75 for Bayes B and Bayes C0, respectively).  Bias for MBW was generally below one. 
 Strategy 3.  In this strategy, breeding values were predicted within parity for 
phenotypes generated in 2013 or after based on marker effects estimated using phenotypes 
generated using data prior to 2013.  Again, parity appeared to influence accuracy of 
prediction.  The greatest accuracies of prediction were achieved in primiparous cows for 
DMI and MBW, with estimates of 0.55 (S.E. ranging from 0.04 to 0.10).  The estimate of 
prediction accuracy using Bayes B for RFI in primiparous cows was the lowest estimate of 
all traits (rg,ĝ = 0.26 ± 0.04), though standard errors were large for estimates in multiparous 
cows (0.28 and 0.30). 
 Bias appeared to follow no pattern in relation to method or parity group.  Bias was 
again the most variable for RFI, encompassing the extreme values for all traits, with values 
ranging from 0.70 ± 0.24 to 2.06 ± 1.91.  Generally, biases for DMI, MilkE, and MY were 
one or greater.  Bias for MBW was not different from one for primiparous cows (by,ĝ = 1.00 ± 
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0.26 and by,ĝ = 1.09 ± 0.25 for Bayes B and Bayes C0, respectively) but was less than one for 
multiparous cows (by,ĝ = 0.73 ± 0.10 and by,ĝ = 0.79 ± 0.19 for Bayes B and Bayes C0, 
respectively).   
Discussion 
 Three strategies of genomic selection were employed to characterize the impact of 
parity on genomic prediction for feed efficiency and related traits.  The aim of strategy one 
was to characterize prediction accuracy of RFI and the component traits of the regression for 
its calculation.  The aim of the second strategy was to characterize the influence of parity on 
prediction by exploring the accuracy of GEBV when validation phenotypes were from either 
the same or different parities.  The third strategy aimed to reflect a more realistic approach to 
genomic prediction where records may be available on ancestors but not on young offspring.  
For this scenario, only North American cows were used because of the possibility of 
confounding genotype with year and institution.  All North American records are from 2007 
to present, whereas records from the Netherlands and United Kingdom date back as far as 
1991, and many records from these institutions were collected prior to 2005 (Tempelman et 
al., 2015).   
Perhaps the most salient result is that the prediction accuracy for RFI was much lower 
than that of the other traits considered in this study.  This result could be due to the complex 
nature of RFI as a trait.  Because RFI is the residual of a trait, it may reflect considerable 
noise.  This may also underlie the highly variable bias estimates for RFI.  However, accuracy 
of prediction for RFI in this study (0.10 to 0.39) was similar to that estimated in Pryce et al. 
(2014), which calculated a 90% confidence interval for accuracy of prediction for RFI 
ranging from 0.16 to 0.36. 
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Heritability estimates for DMI used in this study, 0.32 and 0.24 for primiparous and 
multiparous cows, respectively, were within the range of genomic heritability estimates (0.34 
to 0.59) in de Haas et al. (2012), although there is overlap in these data as both studies 
include data from the Netherlands and the United Kingdom.  Univariate estimates (0.52 to 
0.71) for accuracy for DMI in this study were greater than the univariate estimates (0.04 to 
0.47) obtained using multi-country training sets in de Haas et al. (2012).  This is not 
surprising because in this study, data were randomly assigned to groups for 5-fold cross 
validation.  Therefore the relatedness of individuals in the validation sets is greater than if the 
data had been divided by population such that the entirety of one population was considered 
the validation data set.   
Multi-trait models have been shown to be valuable in accounting for genotype by 
environment interactions, especially when combining data across multiple locations, often 
countries (de Haas et al., 2012, 2015).  In these analyses, the trait, specifically DMI, is 
considered to be a different but correlated trait in each location.  By doing this, the accuracy 
of prediction of GEBVs increased (de Haas et al., 2012, 2015).  Similarly, the trait can be 
considered different across stages in life.  For RFI, genetic correlations estimated  between 
growing heifers and primiparous cows in Pryce et al. (2015) and between primiparous and 
multiparous cows in Hardie et al. (unpublished data) have been less than one (0.67 to 0.76).  
Further supported by the lower prediction accuracy using multiparous records in strategy two 
in this study, a multi-trait approach for genomic prediction, considering RFI as a different 
trait within each parity, as well as in growing heifers, may be warranted to achieve the 
greatest accuracy of prediction. 
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Parity effects on accuracy were noticeable across strategies.  Under strategy 2, the 
consistent lower prediction accuracy for multiparous cows across all traits suggests a 
genotype by parity interaction for all of these traits. In other words, with marker effects 
estimated in primiparous cows, higher prediction accuracy is achieved in primiparous cows.  
This is not surprising as the genetic correlation for all of these traits are less than one (Table 
3).  Another pattern to note is that accuracy was consistently less in multiparous cows than 
primiparous cows for MBW. This was associated with low bias estimates for multiparous 
cows for MBW. 
Except for RFI under strategy 2, prediction accuracy was lower in strategy 3 than in 
strategy 2 for all traits.  These lower accuracies of prediction under strategy 3 could be due to 
the reduced size of the reference population in strategy 3 versus strategies 1 and 2 (Pszczola 
et al., 2012).  As such, combining data sets across countries have been shown to increase the 
accuracy of genomic prediction for many traits largely because of the increase in size of the 
reference population (Lund et al., 2011).   
Conclusions 
 This study explored the impact of parity on genomic prediction in lactating dairy 
cows.  Using two Bayesian methods, three strategies for forming reference populations and 
validation populations were considered.  Probably most evident in 5-fold cross validation, the 
accuracy of prediction for RFI was the lowest among all other traits including DMI, MBW, 
MilkE, and MY.  Parity by genotype interactions were most evident in regard to accuracy of 
prediction in the second strategy whereby use of a primiparous validation set outperformed 
use of a multiparous validation set when primiparous cows comprised the reference set.  
Across all three strategies, bias was the most variable for RFI.  Altogether, the low prediction 
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accuracy and high bias of RFI discourages the implementation of genomic selection using 
RFI. 
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Tables and Figures 
 
Table 3.1. Breakdown of records by parity, institution, and country. 
Country Institution Primiparous Multiparous Total
1
 
United States 1 150 274 377 
 2 689 297 930 
 3 18 33 51 
 4 130 151 264 
 5 7 12 18 
 6 415 290 488 
 7 133 257 347 
 8 349 499 780 
 9 25 30 54 
Canada 1 213 112 
220 
Netherlands 1 90 1 
91 
 2 28 371 383 
 3 463 0 463 
United Kingdom 1 157 99 
157 
 2 208 241 293 
Total  3075 2667 4916 
1
Difference between the sum of primiparous and multiparous records 
and the total reflects the number of cows with both primiparous and 
multiparous records. 
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Table 3.2. Breakdown of North American 
records by parity and year. 
Year Primiparous Multiparous 
2007 20 7 
2008 152 137 
2009 242 181 
2010 211 173 
2011 240 271 
2012 316 276 
2013 411 329 
2014 300 270 
2015 237 311 
Total 2,129 1,955 
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Table 3.3. Genetic (rg) correlation and heritability (h
2
) 
estimates for residual feed intake (RFI), DMI, metabolic 
body weight (MBW), milk energy (MilkE), and MY when 
considering each trait as two separate traits between 
primiparous and multiparous cows. 
 rg   h
2
 
    Primiparous Multiparous 
RFI 0.76 (0.13)   0.14 (0.03) 0.13 (0.03) 
DMI 0.78 (0.07)   0.32 (0.03) 0.23 (0.03) 
MBW 0.92 (0.03)   0.51 (0.03) 0.46 (0.03) 
MilkE 0.61 (0.08)   0.31 (0.03) 0.20 (0.03) 
MY 0.70 (0.07)   0.37 (0.03) 0.24 (0.03) 
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Figure 3.1. Schematics of the different strategies of generating training (Train) and 
validation (Validate) sets for genomic prediction.  Strategy (A) 5-fold cross-validation within 
parity, (B) training on primiparous cows and validation on primiparous or multiparous 
records from the same cows, and (C) training within parity group on cows from only North 
America phenotyped prior to 2013 and validation on cows phenotyped during or after 2013.  
Strategies A and B used cows from North America and Europe. 
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Figure 3.2. Accuracy (A) and bias (B) of genomic prediction using strategy 1, 5-fold cross-
validation within parity group (primiparous or multiparous) for residual feed intake (RFI), 
DMI, metabolic body weight (MBW), milk energy (MilkE), and milk yield (MY).  Error bars 
are empirical standard errors, and the black horizontal bar indicates bias equal to one (no 
bias). 
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Figure 3.3. Accuracy (A) and bias (B) of genomic prediction using strategy 2, training on 
primiparous data and validation using primiparous and multiparous data from the same cows 
for residual feed intake (RFI), DMI, metabolic body weight (MBW), milk energy (MilkE), 
and milk yield (MY).  Error bars are empirical standard errors, and the black horizontal bar 
indicates bias equal to one (no bias). 
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Figure 3.4. Accuracy (A) and bias (B) of genomic prediction using strategy 3, within parity 
group (multiparous or primiparous) training on cows phenotyped before 2013 and testing on 
those phenotyped in 2013 or later for residual feed intake (RFI), DMI, metabolic body weight 
(MBW), milk energy (MilkE), and milk yield (MY).  Error bars are empirical standard errors, 
and the black horizontal bar indicates bias equal to one (no bias). 
  
90 
 
 
CHAPTER FOUR 
 
USE OF SURFACE TEMPERATURE MEASURED BY INFRARED 
THERMOGRAPHY AS AN INDICATOR OF FEED EFFICIENCY IN LACTATING 
DAIRY CATTLE 
 
Hardie, L. C. and D. M. Spurlock 
 
Abstract 
 
Direct selection for the genetic improvement of feed efficiency in dairy cattle is a 
challenge because of costs associated with measuring feed intake on individual cows. 
Identification of an easy to measure indicator of feed efficiency would help alleviate this 
problem. The objective of this study was to characterize the genetic variability and determine 
the relationship between surface body temperature and feed efficiency in mid-lactation 
Holstein cows. Feed efficiency was measured as residual feed intake (RFI), defined as the 
difference between the actual intake and predicted intake based on milk energy, body weight 
change, and maintenance requirements. Individual feed intake, milk yield and composition, 
and body weight measurements were recorded for up to 8 weeks on 153 primiparous cows 
and 33 multiparous cows between 50 and 200 days in milk. Weekly body weight and milk 
component data were also collected, and average RFI throughout the measurement period 
was calculated. Surface body temperatures at 3 locations on the right side of the cow—lower 
rear leg, rump, and paralumbar fossa—were measured twice weekly by thermal imaging 
using a Fluke handheld Thermal Imaging Scanner.  For each cow, surface body temperature 
at each location was converted to a z-score and averaged across weekly measures for 
analyses. Rectal body temperatures taken at the time of imaging were also averaged for each 
cow. The ability of the body temperatures to explain variation in RFI was analyzed with a 
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linear model, which included the fixed effect of replicate, along with body temperature 
(surface or rectal) as a covariate. Heritabilities for body temperatures were estimated using 
ASReml 3.0 using a 5-generation pedigree. Average leg surface temperatures significantly 
differed between the highest and lowest quartiles for RFI, with average z-scores of -0.048 
and 0.197 (S.E. 0.082), respectively. Z-scores for the rump and paralumbar fossa did not 
significantly differ between quartiles for high and low RFI cows.  Rectal temperature did not 
differ between high and low RFI quartiles nor did it significantly explain variation in RFI 
when using all cows. Leg surface temperature was moderately heritable (0.29 ± 0.22) while 
the heritability estimate of rectal temperature was 0.06 ± 0.25.  Genetic correlations between 
surface temperatures with RFI were positive but carried large standard errors.  This research 
suggests that surface leg temperature is a heritable trait and has a phenotypic relationship 
with RFI. 
Introduction 
Improving efficiency of the dairy cow’s conversion of feed energy to milk products is 
important for economic and environmental reasons.  Feed represents more than 50 percent of 
the total cost of producing milk and reducing this cost could improve the economic 
sustainability for dairy producers (USDA NASS Wisconsin Field Office, 2015). On average, 
six percent of gross energy intake by cattle is lost as methane and the total amount of 
methane produced could be reduced with improved feed efficiency (Johnson and Johnson, 
1995). In addition, improving the conversion of feed to product will reduce the amount of 
land needed to grow animal feeds for the same amount of production, such that competition 
for agricultural land with other industries could be eased (von Keyserlingk et al., 2013). 
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 Efforts are underway to aid in the selection of genetically superior animals for feed 
efficiency (Connor, 2015; Pryce et al., 2015).  A common measure of feed efficiency is 
residual feed intake (RFI), or the amount of feed consumed above or below that which is 
expected (Koch et al., 1963; Berry and Crowley, 2013; Connor, 2015) . However, recording 
feed intake is necessary for the calculation of RFI and individual feed intake data is not 
routinely collected on commercial dairy farms.  Thus, maintaining sizeable populations with 
feed intake data, necessary for accurately predicting an animal’s merit for this trait, is 
problematic and alternative strategies need to be considered (Green, 2009).  One alternative 
strategy is to find an easy-to-measure indicator trait that would enable collection of data on 
large numbers of animals to facilitate accurate estimation of breeding values.  The ideal 
indicator trait would be easily measurable in commercial herds, highly heritable, and have a 
high genetic correlation with feed efficiency.     
 Infrared thermography measures the infrared radiation emitted by objects and can be 
used to determine the surface body temperature of animals (Speakman and Ward, 1998).  
Montanholi et al. (2008) showed that surface temperature, as measured by thermal imaging, 
was highly correlated with heat production in dairy cattle, with cows having warmer surface 
temperatures producing more heat.  Lower heat production has been associated with lower 
RFI in beef cattle  (Richardson et al., 2001; Nkrumah et al., 2006), most likely because lower 
heat production is a reflection of lower basal energy requirements in feed efficient animals.  
Subsequently, Montanholi et al. (2009, 2010) demonstrated a positive relationship between 
surface temperature and RFI in beef steers and bulls. However, this relationship has not been 
well-studied in lactating dairy cows.  Thus, objectives of this study were to: 1) determine if 
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surface body temperature of lactating Holstein cows is related to variation in RFI and 2) 
estimate genetic parameters for surface body temperature, necessary for genetic selection.  
Materials and Methods 
This research was performed with the approval of the Institutional Animal Care and 
Use Committee of Iowa State University (Ames). 
Data Collection 
Individual feed intake was recorded using a Calan Broadbent Feeding System 
(American Calan, Inc, Northwood, NH).  Cows were provided ad libidum access to feed with 
fresh feed offered twice per day and leftover feed reclaimed once per day.  Daily feed intake 
for each cow was calculated as the difference between the total amount fed and the amount 
reclaimed.  Cows were fed a standard total mixed ration (TMR) formulated to meet or 
exceed all nutritional requirements of lactating cows.  Data collection began between 60 and 
140 dim and progressed for approximately 60 days.  All cows had a minimum of 28 days of 
feed intake data.  Additional data collected weekly during the same time period included 
body weight (BW), weekly body condition score (BCS) using a 5 point scale (Edmonson et 
al., 1989), and weekly milk composition.  Milk composition data were obtained from 
samples taken at each of three consecutive milkings (cows were milked 3 times per day) that 
were analyzed for percent fat protein, and lactose by Dairy Lab Services (Dubuque, IA).  
Milk yield was recorded for all cows at each milking. 
Infrared Images 
Infrared images were taken using a Fluke Thermal Imaging Camera (Fluke 
Corporation, Everett, Washington) and all cows were imaged a minimum of three days.  
Images were taken twice per day, starting at approximately noon and 1:00 p.m., and included 
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the outside of the right rear leg above the dewclaw, the right side of the rump between the hip 
and pin, and the paralumbar fossa region of the right side of the cow.  All images were taken 
at a consistent distance (approximately 2 m) from the cow and surface dirt was removed 
before imaging.  In the spring, a uniform hair length was achieved by clipping the hair of 
cows that had not yet shed their winter hair.  Rectal body temperatures were measured once 
during imaging, and ambient temperatures were recorded at the end of each hour.  
Images were analyzed using the Fluke Smartview® software (Fluke Corporation, 
Everett, Washington).  For each body location a consistent sized and shaped region was 
traced onto the image and the average temperature within that region was recorded (Figure 
1).  Because of high variability in image temperatures between days, the average temperature 
of the traced region was converted to a z-score and used as the phenotype for that image 
(Figure 2).  The z-score for an image was calculated by subtracting the average temperature 
of a location imaged at a given time on a given day across all animals within a cohort and 
then dividing by the standard deviation for this group of images.  In total, 8076 images were 
used. 
Data were used from 10 cohorts of cows, with members of each cohort having their 
phenotypes recorded at the same time in the same pen.  Eight cohorts consisted of 
primiparous cows and two cohorts included only multiparous cows.  Data from a total of 186 
cows were used in this study.   
Calculation of Residual Feed Intake 
Our chosen measure of feed efficiency was RFI, calculated within each cohort as the 
residual from the following regression model: 
DMI = b1DIM + b2MilkE + b3BWCE + b4MBW + RFI 
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where DIM is the days in milk at the start of the observation period with regression 
coefficient b1.  Coefficients b2, b3, and b4, are partial regressions of DMI on milk energy 
(MilkE), energy gained or lost in BW change (∆BWE), and metabolic body weight (MBW).   
Milk energy was calculated using the following equation (NRC, 2001) 
( / ) 0.00929 ( / ) 0.00563 ( / ) 0.00395 ( / )MilkE Mcal d fat g d protein g d lactose g d     
 
Energy expelled or gained as reflected in change in body weight was calculated using the 
following equation (National Research Council, 2001). 
For an increase in BW: ( / ) ( / ) (2.88 1.026 ) 0.85BWE Mcal d BW kg d BCS        
 For a decrease in BW: ( / ) ( / ) (2.88 1.026 ) 0.82BWE Mcal d BW kg d BCS        
Body weight change (∆BW; kg/d) was calculated as the slope of the fitted line to all of the 
cow’s BW measurements taken during the recording period. 
Metabolic body weight (kg
0.75
) was used to account for maintenance requirements. 
Statistical Analyses 
First, surface body temperatures were compared between the most and least feed 
efficient cows.  The 25 percent of cows within each cohort with the highest and lowest RFI 
values were assigned to ‘Inefficient’ and ‘Efficient’ respectively.  RFI group was then fitted 
as a class variable in the following model using Proc Mixed in SAS: 
TEMP = RFI_group + e  
where TEMP is the z-score of surface temperature of the leg, rump or, paralumbar fossa 
region.  Second, the ability of surface temperature to predict RFI was tested using the model: 
RFI = b1TEMP + e 
where RFI is residual feed intake and TEMP is the z-score for the average temperature of the 
defined region on the leg, rump, or paralumbar fossa region fit as a covariate with coefficient 
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b1. This model was also used to determine the predictive ability of rectal temperature, but 
rectal temperature was not converted to z-scores.  Third, phenotypic correlations were 
established using the bivariate model described below. 
Estimation of Genetic Parameters 
 Data were obtained from the Council on Dairy Cattle Breeding (Beltsville, MD) to 
form a five generation pedigree for all phenotyped animals when possible.  The pedigree file 
ultimately contained 1338 animals.  Variance components for surface body temperature traits 
were estimated using the following animal model in ASReml 3.0 (Gilmour et al., 2008).   
Yijk = DIMi + cohortj + animalk + eijk  
Where yijk is the z-score for surface temperature at a given body region, DIM is days 
in milk at the start of the feed recording window, cohortj is the fixed class effect of cohort (10 
levels), animalk is the random animal effect with animal ~ N(0, Aσ
2
a), and eijk is the random 
error. The A matrix contains the relationship coefficients among animals and σ2a is the 
additive genetic variance.  Estimation of variance components for rectal body temperature 
followed a similar model, but yij was the rectal body temperature in degrees Celsius and 
cohort was included as a class variable.   
 Phenotypic and genetic correlations were estimated using bivariate models in 
ASReml, similar to the univariate models.  Bivariate models included z-scores of surface 
temperatures and phenotypes for DMI, MilkE, MBW, or RFI. Phenotypes of the latter traits 
were adjusted for DIM and cohort, as in the univariate models.  Variance components from 
the bivariate models were used to estimate the heritability for DMI, RFI, MBW, and MilkE. 
Genetic analyses were not performed for BWCE because it is highly variable and only 
comprises a small part of the energy intake. 
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Results 
Descriptive statistics are shown in Table 1.  Mean RFI was zero for both primiparous 
and multiparous cows, as expected, because it was the residual of a linear model. Surface 
temperatures of multiparous cows were numerically higher and had less variation than those 
of first lactation cows.  However, surface temperatures were also influenced by ambient 
temperature and were more variable with colder ambient temperatures (Figure 2).  Rectal 
temperatures were similar between parities. 
Relationship between RFI and Surface Temperature  
Surface temperatures were numerically lower in efficient compared to inefficient 
cows for all three body regions evaluated.  However, this difference was only significant for 
the surface temperature of the leg (Figure 3).  When the ability of surface temperature to 
predict RFI was evaluated by regression analysis, leg and paralumbar fossa temperature 
tended to significantly explain variation in RFI (Table 2).  At these two regions, for each 
standard deviation increase in temperature, RFI on average increased by 0.25 and 0.22 kg/d, 
respectively.  However, a significant positive relationship was seen between leg surface 
temperature and DMI. 
Phenotypic correlations with RFI were low, at 0.13, 0.07, and 0.12 for leg, rump, and 
paralumbar fossa respectively.  In other words, only 1.7% of the variation in RFI was 
explained by variation in leg surface temperature. 
Genetic Parameters 
 Heritability estimates for surface temperature were moderate for all three body 
regions, ranging from 0.29 to 0.32 (Table 3).  In contrast, the heritability estimate for rectal 
body temperature was low (0.06).  RFI was lowly heritable at 0.07.  Genetic correlations with 
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RFI were moderate at 0.37, 0.62, and 0.91, for the leg, rump, and paralumbar fossa, 
respectively (Table 4).  However, standard errors were large. The phenotypic correlation 
between rectal body temperature and RFI was -0.06 (0.07) and the genetic correlation was 
0.91 ± 2.85. 
We estimated the genetic correlations between surface temperature and the 
component traits because it is important to be able to predict how selection on an indicator 
trait might impact these.  None of these correlations were significantly different from zero.  
Genetic correlation estimates of MBW with rump and paralumbar fossa temperatures did not 
converge. 
Discussion 
The use of thermal imaging to measure surface body temperature was explored in 
order to find an easier-to-measure and cheaper method to generate phenotypes to be used in 
selection for improved feed efficiency in dairy cattle.  This technology was chosen because 
of the hypothesis that feed efficient cows would waste less energy as heat and thereby 
maintain cooler surface body temperature.    
Relationship between RFI and Surface Temperatures 
A positive relationship was seen between RFI and surface temperature, especially that 
of the rear leg, using multiple methods of analysis.  As in Montanholi et al. (2009), the feet 
/lower leg explained the most variation in RFI of all of the body locations imaged.  This is 
not surprising as Montanholi et al. (2008) showed that the foot temperature was the IR 
measurement that was most correlated with heat production (r
2
 = 0.77).  Richardson et al. 
(2001) suggested that RFI reflects basal energy requirements and this requirement is met 
through heat-producing metabolic functions (Blaxter, 1962).   
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The significant phenotypic relationship between leg surface temperature with both 
RFI and DMI in the absence of a significant relationship between leg surface temperature 
with MilkE or MBW suggests that leg surface temperature reflects differences in intake not 
related to production.   Therefore, it is plausible to suggest that if leg surface temperature 
were used as an indicator trait for RFI, selection for cooler legs might result in reduced RFI 
and dry matter intake, but not impact milk production or MBW.  To best assess the results of 
selection, estimates of the genetic correlation with smaller standard errors between surface 
temperature with milk production and MBW would first need to be established.   
Estimates of genetic parameters for surface temperature are scarce.  Nespolo et al. 
(2003) estimated the heritability of basal metabolic rate, or the minimum energy expenditure 
by an endotherm, at 0.01.  Genetic parameter estimates for rectal body temperature are 
inconsistent in the literature, ranging from not heritable at all to moderately heritable.  When 
using an animal model, Nespolo et al. (2003) achieved heritability estimates ranging from 
0.40 to 0.74.  However when using ANOVA to estimate variance components, heritability 
estimates ranged from 0.09 to 0.15.  This most closely matches our heritability estimates of 
0.06. 
Our low heritability estimate for RFI (0.07)  and MilkE (0.05) could be a 
consequence of the small sample size, as recent heritability estimates for larger data sets of 
lactating dairy cows have ranged from  0.10 to 0.36 (Connor et al., 2013; Tempelman et al., 
2015).  However, heritability estimates for DMI and MBW were similar to recent estimates 
of these parameters found in the literature (Spurlock et al., 2012; Hardie et al., 2015).  An 
indicator trait is especially advantageous when it is more heritable than the trait of interest, 
suggesting an improved ability to make genetic progress.  Our heritability estimates of 0.2 to 
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0.3 for surface temperature suggest that genetic variation exists for these traits, and may be 
an avenue for selection.   
Challenges using Surface Temperature as an Indicator of RFI 
Although a relationship was established between RFI and surface body temperature, 
surface body temperature only accounted for a small portion of the variation in RFI at the 
phenotypic level.  Some of the poor explanation of variation in RFI by variation in surface 
temperature in our study could be due to the time of image capture.  For instance, variation in 
temperature could be due to the time of image capture relative to feeding.  Montanoli et al. 
(2008) showed that as heat production increased approximately two hours after feeding so 
did the surface temperature of the right front foot and the left rump.  While by imaging on the 
right side of the cow we avoided the rumen, and by imaging at noon and 1 p.m. we should 
have avoided the majority of the heat dissipated due to the morning meal, cows had unlimited 
access to feed such that some may have eaten at a time where heat production associated with 
feeding would have impacted her measured surface temperature.  Furthermore, our 
disturbance of the cows in order to image them may have also influenced their surface 
temperature as they became active due to our presence.  Nonetheless, these conditions mimic 
those commonly seen on commercial dairies where cows have unrestricted feed access and 
breeders or herd health personnel disrupting the pens as they attend to cows.   
 Environmental influences could have hindered the ability of the thermal images to 
relate to RFI.  Although much of the pen in which the cows were housed was shaded, it is 
possible that prolonged exposure to sunlight may have warmed the surface of some cows 
during imaging.   The review by Mccafferty (2007) showed that the black stripes of zebras 
are more than 10 degrees Celsius warmer than the white stripes after spending time in 
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sunlight.  In contrast, wind speed has been shown to reduce surface temperature (Church et 
al., 2014) The pen in which our data collection occurred was equipped with fans over resting 
areas where the majority of the cows were during imaging hours; however feeding areas were 
largely outside the range of the fan.  Thus, air flow differences due to the location of a cow 
within a pen may have impacted surface body temperatures in some cases.  Ambient 
temperature may also have had an impact on the correlation between RFI and leg surface 
temperature.  One peculiarity to notice is that mean leg surface temperature z-score of feed 
efficient cows was much closer to zero than that of feed inefficient cows suggesting that the 
coolest leg temperatures were not from low RFI cows.  Perhaps this discrepancy is associated 
with the increase in variance on cold days.  In contrast, average rump and paralumbar fossa 
region surface temperatures were symmetrical about zero by feed efficiency group and less 
variation related to ambient temperature was associated with these traits. 
Animal factors may have also impacted the correlation between RFI and surface 
temperature.  For instance, the data were not corrected for the potential increase in surface 
temperature due to estrus, though this impact is likely to be small.  Estrus has been related to 
0.3 to 0.8 degrees Celsius increase in surface temperature, especially in the gluteal region  
(Hurnik et al., 1985).  Whether this increase in temperature occurs in the regions we imaged 
has not been investigated, though it may be reasonable to infer that they might undergo a 
similar change because Talukder et al. (2014) saw an increase in temperature at estrus in both 
thermal images of the muzzle and vulva.  Dirt and non-uniform hair lengths can also impact 
surface temperature.  While care was taken to clean and clip imaged areas in this study, 
Martello et al. (2016) suggested that dirt and mud may have caused the lack of relationship 
between RFI and feet temperature in Bos indicus cattle. 
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Indicator Traits 
Many traits are being investigated as possible indicator traits for feed efficiency.  
Alternatives include ratios of milk fats as measured by mid-infrared spectrometry (MIR) in 
lactating dairy cattle (McParland et al., 2014) and IGF-I in swine (Bunter et al., 2010).  These 
traits are advantageous in their own respect.  Mid-infrared spectrometry data are 
conveniently recorded in routine milk recording programs, but they are consequently only 
readily available on lactating dairy cattle and not bulls or heifers. The concentration of IGF-I 
can be determined on young animals, but it is invasive (Bunter et al., 2010).   We believe that 
thermal imaging could be useful because of its ease and versatility.  Unlike with using milk 
samples, thermal images can be captured on young animals and bulls, allowing them to have 
their own phenotype.  Furthermore, it is non-invasive, only needing to be within a few meters 
of the animal.  However, environmental factors impacting image quality and the genetic 
correlation between surface temperature and feed efficiency would need to be investigated in 
further detail.   
Conclusions 
This study suggests the existence of a positive relationship between surface 
temperature of the right rear leg and RFI in Holstein cows such that it could be considered as 
an indicator trait of RFI.   Surface temperature is heritable and genetically correlated with 
feed efficiency, albeit these estimates come with high standard errors. Furthermore, surface 
temperature only explains a small portion of the total phenotypic variation in RFI.  Before it 
would be used on a wide scale, the establishment of the relationship with additional traits 
should be made and pilot studies in larger populations should occur so that confidence in 
estimates of genetic parameters could be improved.  
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Tables and Figures 
Table 4.1. Phenotypic means (SD) for primiparous (n = 153) and multiparous 
(n = 33) cows 
Trait
1
 Primiparous  Multiparous  
RFI (kg/d) 0.01 (0.94) 0.00 (1.39) 
Milk Energy (Mcal/d) 26.2 (2.8) 29.4 (3.9) 
Metabolic body weight (kg
0.75
) 118.7 (7.3) 130.0 (9.8) 
DMI (kg/d) 19.9 (1.8) 23.6 (2.3) 
DIM 129.1 (24.4) 127.6 (16.9) 
   
Leg °C 26.1 (4.6) 29.1 (2.2) 
Rump °C 29.0 (4.5) 31.6 (2.1) 
P. Fossa
 
°C 29.2 (4.4) 31.7 (1.8) 
Internal °C 38.4 (0.2) 38.4 (0.2) 
1
 RFI is residual feed intake; P. Fossa is paralumbar fossa 
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Table 4.2. Regression coefficients for leg, rump, and paralumbar surface temperature as 
predictors of  residual feed intake (RFI), DMI, milk energy, and metabolic body weight 
Trait
1
 Leg
2
 Rump P. Fossa
3
 
DMI (kg/SD) 0.58 (0.21)** 0.12 (0.21) 0.13 (0.22) 
Milk energy (Mcal/SD) 0.53 (0.38)  0.43 (0.36) 0.23 (0.38) 
Metabolic body weight (kg
0.75
/SD) 1.16 (0.90) -1.12 (0.89) -1.27 (.93) 
RFI (kg/SD) 0.25 (0.13)† 0.14 (0.13) 0.22 (0.13)† 
RFI (%) 1.99 0.67 1.51 
1
RFI (%) refers to the  percent of variance in RFI explained by surface temperature 
2** P < 0.01, †P < 0.10 
3
P. Fossa is paralumbar fossa 
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Table 4.3. Variance components for RFI, component traits of RFI, and 
surface temperature including additive genetic variance (σa
2
), 
phenotypic variance (σp
2
), and heritability (h
2
). 
Trait σa
2
 σp
2
 h
2
 (s.e.) 
DMI (kg/d) 0.61 2.95 0.21 (0.24) 
MBW (kg
0.75
) 49.7 54.9 0.90 (0.26) 
Milk Energy (Mcal/d) 0.40 8.7 0.05 (0.24) 
RFI (kg/d) 0.073 1.06 0.07 (0.18) 
Leg (SD) 0.10 0.37 0.29 (0.22) 
Rump (SD) 0.11 0.38 0.30 (0.23) 
P. Fossa
1
 (SD) 0.11 0.35 0.32 (0.24) 
Rectal °C 0.0013 0.020 0.06 (0.25) 
1
P. Fossa is paralumbar fossa 
 
  
 
 
Table 4.4. Phenotypic (rp) and genetic (rg) correlations between surface temperature and DMI, metabolic body 
weight (MBW), milk energy, and residual feed intake (RFI). 
  Leg  Rump  Paralumbar fossa 
Trait  rp rg  rp rg  rp rg 
DMI  0.20 (0.07) 0.00 (0.65)  0.04 (0.07) -0.20 (0.72)  0.04 (0.08) 0.06 (0.80) 
MBW  0.11 (0.08) 0.35 (0.37)  No estimate No estimate  No estimate No estimate 
Milk Energy  0.10 (0.07) 0.54 (2.11)  0.07 (0.08) -0.93 (0.88)  0.04 (0.08) -0.96 (2.14) 
RFI  0.13 (0.07) 0.37 (1.12)  0.07 (0.08) 0.62 (1.25)  0.12 (0.08) 0.78 (1.17) 
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Figure 4.1. Traced regions of the three regions imaged: A. rear leg, B. rump, C. paralumbar fossa 
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Figure 4.2. Average surface temperature of the traced region for each image of the right rear leg for all cows. 
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Figure 4.3. Mean surface temperature (SD) for feed efficient (dark bars) and feed inefficient 
(white bars) cows.  Mean residual feed intake (RFI) for feed efficient cows was -1.19 kg and 
1.31 kg for feed inefficient cows.  * P < 0.05. 
 
 
 
  
* 
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CHAPTER FIVE 
RELATIONSHIP OF MID-LACTATION FEED EFFICIENCY WITH EARLY AND 
LATE LACTATION BODY CONDITION SCORE IN HOLSTEIN DAIRY COWS 
 
Hardie, L. C., K. Maxwell, and D. M. Spurlock 
Abstract 
 The objective of this study was to investigate the relationship between feed efficiency 
measured as gross efficiency (GE) or residual feed intake (RFI), in mid-lactation primiparous 
cows with change in body condition score (BCS) measured in early first parity, late first 
parity, and early second parity.  Individual daily feed intakes, daily milk production, weekly 
body weight (BW), and weekly samples for milk component analysis were collected over 
eight weeks on primiparous Holstein cows between 50 and 215 days in milk (DIM).  For 
each cow, GE was calculated as her average milk energy (MilkE) output divided by her 
average dry matter intake (DMI) during the recording window.  Residual feed intake was 
calculated as the regression of DMI on MilkE, metabolic body weight (MBW), and energy in 
body weight change (∆BWE).  Both feed efficiency measures were adjusted for fixed effects 
of replicate and DIM.  Weekly BCS were also observed during the first 45 DIM in both first 
and second parity and in late first parity.  In total, 173 cows had at least four BCS in each 
observation period and were retained for analyses.  Body condition scores and feed efficiency 
traits were compared between the 18 most feed efficient and inefficient cows for RFI and 
GE.  As expected, MilkE, MBW, ∆BWE, and BCS did not differ during mid lactation 
between efficiency group for RFI.  However, feed efficient cows defined by GE produced 
significantly more milk energy, were significantly smaller, and had significantly less body 
condition during the feed efficiency measurement window.  Dry matter intake and feed 
114 
 
 
efficiency significantly differed between feed efficient and inefficient groups for both 
measures.  In parity 1, BCS at 42 DIM and at dry-off were significantly greater for feed 
efficient cows than for feed inefficient cows when measured as RFI.  No significant 
differences in change in BCS were observed between feed efficient or inefficient cows when 
defined as RFI, but when defined as GE, feed efficient cows tended to lose more condition 
during the first 45 DIM with significant greater losses occurring during DIM 25 through 45 
in first parity.  In conclusion, defining feed efficiency as RFI will likely identify cows that 
maintain body condition throughout lactation, whereas defining feed efficiency as GE may 
favor cows prone to greater body condition loss during early lactation. 
Key words: body condition score, feed efficiency, residual feed intake, transition period 
Introduction 
 Feed costs comprise more than 50 % of the total costs of the production of milk 
(USDA NASS Wisconsin Field Office, 2015).  Improving the efficiency of the use of feed 
could not only increase the profitability of dairy farms but also reduce the amount of land 
needed to produce feedstuffs and the greenhouses gases emitted as a product of the digestion 
of feed (von Keyserlingk et al., 2013; Knapp et al., 2014). 
 There is heritable variation to feed efficiency (Berry and Crowley, 2013) suggesting 
that we could genetically select superior animals for feed efficiency.  However, because 
improvement in feed efficiency may be accomplished by selecting animals that consume less 
feed for the same level of production, there is concern that this selection may inadvertently 
favor cows that undergo body tissue loss in order to meet the demands of production.  
Avoiding rapid body tissue loss, or negative energy balance, especially in early lactation is 
critical because of its association with increased metabolic disorders and reduced pregnancy 
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rates (Roche et al., 2009), warranting the exploration of the relationship between BCS and 
feed efficiency. 
 A limited amount of research has been published exploring the relationship between 
feed efficiency and BCS.  Measuring feed efficiency as gross efficiency (GE), or the ratio of 
energy-corrected milk (ECM) production to feed intake, has to some degree already been 
implemented to improve feed efficiency through the incorporation of both milk production 
and body size in selection indices (Pryce et al., 2014).  However, this measure does not 
consider changes in BCS.  Residual feed intake (RFI) is a second measure of feed efficiency 
commonly used and is calculated as the residual of the regression of actual intake on 
predicted intake.  Statistically, this trait is independent of any trait considered in the 
calculation of the predicted intake.  In lactating dairy cattle, predicted intake is often the sum 
of a form of ECM, metabolic body weight (MBW), and change in BW where change in BW 
can be reflective of change in BCS.  By including BCS in the regression, RFI should remain 
independent of BCS such that cows using body tissues to maintain milk production will not 
appear feed efficient.  However, this is limited to the time during which BCS and feed 
efficiency are observed and may not hold true for BCS during other periods of the lactation. 
 The objective of this study was to investigate the relationship between feed efficiency 
measured during mid-lactation in primiparous cows and change in BCS during early first 
parity, late first parity, and early second parity.  Feed efficiency was calculated as GE and 
RFI.  
Materials and Methods 
 Data were collected according to procedures acceptable to the Institutional Animal 
Care and Use Committee of Iowa State University (Ames). 
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Data Collection 
Feed Efficiency. Data for the calculation of feed efficiency were collected in nine 
replicates of 12 to 34 cows.   Individual feed intake was recorded using a Calan Broadbent 
Feeding System (American Calan, Inc, Northwood, NH).  Cows were given ad libidum 
access to feed with fresh feed offered twice per day and leftover feed reclaimed once per day.  
Daily feed intake for each cow was calculated as the difference between the sum of the two 
feedings and the amount reclaimed.  Cows were fed a standard TMR for the Iowa State 
University dairy herd.  Collection of feed intake data began between 50 and 150 dim and 
progressed for approximately 60 days.  Additional data collected during the same time period 
included weekly body weights (BW), weekly body condition scores (BCS) using a five point 
scale (Edmonson et al., 1989), and weekly milk samples.  Cows were milked three times per 
day, and milk samples were taken at each of the three consecutive milkings for analysis of 
percent fat, protein, and lactose.  To remain in the data set, a minimum of 28 days of feed 
intake data was required.  In total, 206 cows met the minimum requirements for calculation 
of feed efficiency phenotypes. 
BCS. Weekly BCS were observed during the first 45 days after parturition initiating 
the first and second parities.  During late first parity, once the cow was confirmed pregnant 
and 235 dim or 135 days until due, BCS were recorded weekly until dry-off or 450 DIM, 
whichever came first.  For a cow to be included in the final data set, she needed to be dried 
off by 464 DIM and have a minimum of four BCS observations during each window: early 
first lactation, late first lactation, and early second lactation.  A total of, 173 cows met the 
minimum number of BCS records and were retained for further analyses. 
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Calculation of Phenotypes 
Feed efficiency.  Residual feed intake was calculated as the residual of the following 
equation: 
 1 1 2 3ij j ij ij ij ij ijDMI replicate b DIM MilkE MBW BWE RFI           
where ijDMI  denoted the DMI for cow i, replicate denoted the class effect of replicate j (9 
levels), b1 is the regression coefficient of DMI on DIM, 1  is the partial regression 
coefficient of DMI on MilkE, 2  is the partial regression coefficient of DMI on MBW, 3  is 
the partial regression coefficient of DMI on ∆BWE, RFIij is the random error term and the 
phenotype used for RFI in further analyses.  Phenotypes for MilkE were calculated according 
to NRC (2001):  
( / ) 0.00929 ( / ) 0.00563 ( / ) 0.00395 ( / )MilkE Mcal d fat g d protein g d lactose g d       
When change in BW (∆BW) was positive, energy gained was calculated as 
 ( / ) ( / ) (2.88 1.026 ) 0.85BWE Mcal d BW kg d BCS         
while energy lost was calculated as 
( / ) ( / ) (2.88 1.026 ) 0.82BWE Mcal d BW kg d BCS        
Maintenance requirements were considered by raising the average MBW during the feed 
efficiency window to the 0.75 power. 
 Phenotypes for GE were calculated using the following model: 
1ijinit j ij ij
GE replicate b DIM GE    
Where 
ijinit
GE is the ratio of the average MilkE to DMI for cow i over her feed efficiency 
window, replicate denoted the class effect of replicate j (9 levels), b1 is the regression 
118 
 
 
coefficient of GEinit on DIM and GEij is the random error term and the phenotype retained for 
analyses.    
 BCS. For each BCS window, predicted values of daily BCS were obtained for each 
cow by fitting a smoothing function using SAS PROC TRANSREG (SAS Institute Inc., 
Cary, NC) to the weekly BCS of each cow.  Using the predicted values, five BCS phenotypes 
were calculated for each cow during each of the early lactation windows. Two phenotypes 
were estimates of BCS and include BCS at calving, calculated as the average of predicted 
BCS on 3 to 5 DIM and post-transition BCS, calculated as the average BCS on 41 to 43 
DIM.  Three phenotypes reflected change in BCS during the early lactation window and were 
estimated as the coefficient of DIM fit as an explanatory variable for the predicted BCS 
during (1) DIM one through 25, (2) DIM 26- 45, and (3) DIM one through 45. 
 Three phenotypes were calculated during late first parity. They were average BCS 
from day 36 to day 34 prior to dry off, BCS at dry-off, calculated as the average BCS on days 
8 to 6 prior to dry-off, and change in BCS during late lactation, estimated as the coefficient 
of DIM fit as an explanatory variable for predicted BCS during days 42 to 7 prior to dry off.  
Therefore, in total, each cow had 13 BCS phenotypes, five from early first parity, three from 
late first parity, and five from early second parity.  A fourteenth BCS phenotype, the average 
BCS during the feed efficiency window, was calculated for each cow. 
Statistical Analyses 
 For each feed efficiency trait, RFI and GE, the top and bottom 10 percent of cows 
ranked by feed efficiency phenotype were retained for further analysis and assigned to either 
the feed efficient or feed inefficient group.  Each group contained 18 cows.  The significance 
of feed efficiency as a predictor of BCS phenotype was tested by considering feed efficiency 
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group as a fixed class effect in a mixed model using SAS PROC MIXED.  In the same 
manner, differences in energy expenditures were also tested to see if there were significant 
differences in output by feed efficiency group. 
Results 
Feed Efficiency 
 Values for RFI ranged from -3.04 to -1.32 kg/d for feed efficient (low RFI) cows and 
1.54 to 4.09 kg/d for feed inefficient (high RFI) cows.  As anticipated, mean MilkE, MBW, 
and ∆BWE did not differ between high and low RFI cows, indicating that production does 
not differ between feed efficient and inefficient cows.  Significant differences were observed 
between high and low RFI cows for DMI (22.9 ± 0.36 kg and 19.4 ± 0.36 kg; p < 0.001), 
respectively (Figure 1).    
 Mean ratios differed by 0.34 units for feed efficient and inefficient cows for GE.  
Between efficient and inefficient cows based on GE, mean MilkE (27.9 ± 0.61 and 22.9 ± 
0.61 Mcal/d; p < 0.001), MBW (116 ± 1.6 and 121 ± 1.61 Mcal/d; p < 0.05), and BCS (3.06 
± 0.059 and 3.29 ± 0.059 points; p < 0.05) differed, suggesting that feed efficient cows 
produce more milk, are smaller, and carry less body condition.  There was also a significant 
difference (p < 0.05) for DMI between feed efficient (19.9 ± 0.40 kg) and inefficient cows 
(21.3 ± 0.40 kg). 
BCS 
 Early first parity. Estimates for BCS at parturition (4 DIM) did not differ between 
feed efficient and inefficient cows for either measure but were numerically higher for feed 
efficient cows for both measures (Table 1).  When feed efficiency was defined by RFI, no 
significant differences in change in BCS were detected, but by 42 DIM, BCS estimates for 
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feed inefficient cows were significantly less than estimates for feed efficient cows (3.27 ± 
0.059 and 3.088 ± 0.059).   Conversely, feed efficient cows (-0.0087 ± 0.0014), when based 
on GE, underwent significantly greater BCS loss per day between 25 and 45 DIM than feed 
inefficient cows (-0.0042 ± 0.0014; Figure 2). 
 Late first parity.  One feed inefficient cow and two of each feed efficient and 
inefficient cows when defined as RFI and GE, respectively, did not have predicted BCS at 42 
d prior to dry off.  For all of the inefficient cows and one efficient cow, this was because dry-
off occurred before 277 DIM (235 DIM + 42 d).  For the second efficient cow, observing late 
lactation BCS had not commenced before she was within 42 days of dry-off.  At 35 d prior to 
dry-off, mean BCS tended to differ between feed efficient and feed inefficient cows for both 
measures of feed efficiency.  The only significant difference observed for BCS during late 
first parity was that at dry-off, feed efficient cows had more condition (3.50 ± 0.078) than 
inefficient cows (3.25 ± 0.078) when feed efficiency was measured as RFI.  For these cows, 
DIM at dry-off were significantly lower for feed inefficient cows (298 ± 7.2 d) than feed 
efficient cows (320 ± 7.2 d).  
 
 Early second parity. When calculated as RFI, feed efficient cows tended to carry 
more condition into their second lactation than feed inefficient cows (3.50 ± 0.063 and 3.38 ± 
0.063).  Loss of BCS followed a similar pattern between low and high RFI cows such that 
this difference was maintained throughout the transition period and culminated in a tendency 
toward a difference at 42 DIM (3.06 ± 0.068 and 2.89 ± 0.068).  In contrast, when feed 
efficiency was measured as GE, feed efficient cows tended to undergo greater BCS loss per 
day throughout the entire transition period than feed inefficient cows (-0.0027 ± 0.0016 and -
0.0083 ± 0.0016). 
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Discussion 
 This study was undertaken in response to concerns that selection for improved feed 
efficiency may inadvertently favor cows that undergo extreme body tissue loss as feed 
consumption is reduced while production is maintained or increased.  Although this was not 
a selection study, the results provided here depict the phenotypic relationship between mid-
lactation feed efficiency and BCS observed in early first parity, late first parity, and early 
second parity.  We chose to look at two measures of feed efficiency, RFI and GE, because of 
their anticipated differences in relationship to BCS and differences in application.  Because 
∆BWE is included in the regression of DMI for the calculation of RFI, and the calculation of 
∆BWE includes the average BCS throughout the ∆BW, RFI should be independent of BCS at 
that time.  Although this relationship did not guarantee that BCS at other time points during 
the lactation would be independent, because the different stages of lactation build off of one 
another, some degree of independence throughout lactation could be hypothesized.   
Furthermore, because RFI is independent of production traits, it is a good measure of 
the physiological basis or metabolic differences of feed efficiency (Herd and Arthur, 2009; 
Connor, 2015).   On the other hand, because the calculation of GE is simply the ratio of 
MilkE/DMI, BCS is not directly reflected in this measure, and some relationship between GE 
and BCS could be expected.  We used GE as an alternative measure of feed efficiency under 
the recognition that inputs of the calculation of GE are relatively easy to gather from on-farm 
data, facilitating comparisons across herds; GE closely follows the calculations of income 
over feed costs (milk sales/feed costs), and GE is easier to explain than RFI  (Connor, 2015). 
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 There are two findings that are demonstrated by this study.  The first is that feed 
efficient cows consistently carry more body condition than feed inefficient cows when 
defined as RFI.    Furthermore, feed efficient and inefficient cows lose body condition at the 
same rate when efficiency is defined as RFI.  This similarity in BCS change is best shown by 
the nearly parallel lines between feed efficient and inefficient cows in Figure 2.  The 
importance of these findings is that even though low RFI cows are eating less yet maintain 
the same production, it is not through mobilizing body tissue at any time point during 
lactation.  This then leaves the greatest concern in regard to BCS to be whether or not the 
greater BCS of feed efficient cows is related to health or reproductive issues.  In general, 
with estimates of 3.58 and 3.50 in first and second parities, respectively, low RFI cows in this 
study calved in with greater BCS than the  recommended 3.0 to 3.25 (Roche et al., 2009).  
However, in a meta-analysis, BCS greater than 3.5 at parturition was associated with 5.8 
fewer days open relative to those with BCS ranging from 2.5 to 3.5, suggesting that in terms 
of reproductive health, a higher BCS at parturition as observed in this study may be an 
advantage (López-Gatius et al., 2003).   
 The second finding is that feed efficient cows lose body condition more rapidly in 
early lactation than feed inefficient cows when feed efficiency is measured as GE.  As 
indicated by the crossing lines prior to 50 DIM in Figure 2 (C and D) and (nearly) significant 
slopes in Table 1, feed efficient cows began the parity with (numerically) higher BCS but lost 
condition more rapidly such that by 50 DIM reached a lower BCS.  Days open has also been 
related to BCS loss with losses ranging from 0.5 to 1.0 points in early lactation associated 
with 3.5 additional days open and greater than 1.0 point loss associated with 10.6 days open 
(López-Gatius et al., 2003).  In this study the feed efficient cows, when measured as GE, 
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endured the greatest average loss in BCS (0.48 points) during early second parity, suggesting 
that on average, these cows would not noticeably face reduced reproductive health, but it is 
likely that some cows in this group underwent greater BCS losses.    
 It was possible that while BCS may have not differed by feed efficiency group for the 
cows included in the study with at least four BCS observations in their second parity, there 
may have been a relationship between feed efficiency and cows included or excluded in the 
study.  However, this does not appear to be the case.  Regardless of feed efficiency being 
measured as RFI or GE, there appeared to be no trend between feed efficiency and cows with 
an insufficient number of BCS observations (Figure 3).  
 Due to an established negative relationship between BCS and days open (Pryce et al., 
2000; Dechow et al., 2004), we considered that the differences in BCS between feed efficient 
and inefficient cows might actually be related to differences in length of lactation rather than 
feed efficiency.  To explore this, we tested to see if DIM at dry-off differed between feed 
efficient and inefficient cows.  Although only significant when defined as RFI, feed efficient 
cows averaged greater DIM at dry-off than feed inefficient cows.  In light of the consistently 
higher BCS for low RFI cows in this study and the positive relationship between BCS and 
conception rates (Wathes et al., 2007), the greater DIM at dry-off for low RFI cows is 
surprising.  However, this finding is consistent with the lower in-calf rate for low RFI cows 
(Pryce et al., 2014).  On the other hand, low RFI has been associated with fewer services and 
fewer days open (Bart et al., 2016).  
Conclusions 
 The relationship between feed efficiency measured in mid-lactation primiparous cows 
was established between BCS observed in early first parity, late first parity, and early second 
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parity.  Production did not differ between feed efficient and inefficient cows based on RFI 
but did when calculated as GE.  Overall, low RFI cows carried more condition through 
lactation than high RFI cows, but saw no difference in BCS change.  On the other hand, feed 
efficient cows when measured as GE saw greater losses in BCS in early lactation.  Therefore, 
defining feed efficiency as RFI will likely identify cows that maintain body condition 
throughout lactation, whereas defining feed efficiency as GE may favor cows prone to 
greater body condition loss and associated negative impacts on health during early lactation. 
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Tables and Figures 
 
 
Table 5.1. Means and standard errors (SE) for body condition score (BCS) traits for feed efficient and feed inefficient 
cows defined by residual feed intake (RFI) or gross feed efficiency (milk energy (Mcal)/dry matter intake (kg), GE). 
  RFI  GE 
  Efficient(n=18) Inefficient (n=18)
3
  Efficient (n=18) Inefficient (n=18) 
Trait
1
  Mean
2
 SE Mean SE  Mean SE Mean SE 
Early first parity           
BCS at calving (4 DIM)        3.58          0.063 3.45  0.063  3.55  0.061 3.41  0.061 
Change in BCS: 25 DIM, /d     -0.011  0.0023 -0.011  0.0023  -0.010  0.0020 -0.0076  0.0020 
Change in BCS: 25 to 45  DIM , /d  -0.0055 0.0017 -0.0084 0.0017  -0.0087* 0.0014 -0.0042* 0.0014 
Change in BCS: 45  DIM , /d  -0.0082  0.0018 -0.0097  0.0018  -0.0096
†
  0.0015 -0.0057
† 
 0.0015 
Post-transition BCS (42  DIM)      3.27*  0.059 3.08*  0.059  3.19  0.055 3.20  0.055 
Late first parity           
BCS (35 d prior to dry-off)    3.44
†
  0.080 3.22
†
  0.077  3.21
†
   0.076 3.39
†
   0.076 
Change in BCS:-42 to -7  DIM , /d  0.0017  0.0008 0.00097  0.0008  0.0013  0.0014 -0.0005  0.0014 
Dry-off BCS (7 d prior to dry-off)      3.50*  0.078 3.25*  0.078  3.27  0.067 3.39  0.067 
DIM at dry-off  320* 7.2 298* 7.2  319 7.4 302 7.4 
Early second parity           
BCS at calving (4  DIM)        3.50
†
          0.061 3.33
†
  0.061  3.38  0.063 3.36  0.063 
Change in BCS: 25  DIM, /d     -0.011  0.0023 -0.014  0.0023  -0.015
†
  0.0016 -0.010
†
  0.0016 
Change in BCS: 25 to 45  DIM, /d  -0.011 0.0018 -0.010 0.0018  -0.011
†
 0.0018 -0.006
†
 0.0018 
Change in BCS: 45  DIM, /d     -0.011  0.0018 -0.012  0.0018  -0.0127
†
  0.0016 -0.0083
† 
 0.0016 
Post-transition BCS (42  DIM)      3.06
†
  0.068 2.89
†
  0.068  2.90  0.076 3.04  0.076 
1
 –xx refers to number of days prior to dry-off 
2
Significnace levels: 
†
P < 0.10, *P < 0.05, **P < 0.01, ***P < 0.001 
3
Only 17 inefficient cows and only 16 each of feed efficient and inefficient cows had predicted values for BCS at 35 d prior to dry-
off when defined as RFI and GE, respectively. 
1
2
6
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Figure 5.1.  Mean milk energy (A), metabolic body weight (B), change in body weight (C), 
body condition score (D), dry matter intake (E), and feed efficiency (F) by efficient or 
inefficient group for residual feed intake (RFI) and gross efficiency (GE).  Feed efficiency 
when measured as GE follows milk energy (Mcal)/dry matter intake (kg).  
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Figure 5.2. Mean daily body condition score for feed efficient cows when measured as residual feed intake (RFI) in first parity 
(A) and early second parity (B) or when measured as gross efficiency in first parity (C) and early second parity (D).  In figures A 
and C, in order from left to right, groups of markers denote early first parity, feed efficiency recording window, and late first 
parity.  Observations in the feed efficiency window and later first parity were plotted by centering the mean DIM for each cow at 
the group mean DIM and DIM at dry-off at the group mean DIM at dry-off, respectively. 
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Figure 5.3.   Residual feed intake (A) and gross efficiency (B) as function of predicted intake 
for cows that had early body condition score (BCS) observations in early first parity, late first 
parity, and early second parity (○) and those that did not have sufficient observations in at 
least one time period or were greater than 464 days in milk at dry-off (●). 
  
A 
B
B 
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CHAPTER SIX 
DISCUSSION 
 The goal of this dissertation was to investigate the genetic and biological basis of feed 
efficiency in lactating dairy cattle and the implications this has for selecting for improved 
feed efficiency by the dairy cow.  In this dissertation, four studies are summarized; the first 
characterizes the genetic basis of feed efficiency as measured by residual feed intake (RFI).  
Realizing that RFI is a trait influenced by many genes, the second study examined the ability 
to predict the genetic merit of animals based on 60K markers located across the genome.  
The third study looked at thermal imaging as an indicator trait for feed efficiency and the 
final study addressed the concern that improving efficiency may lead  to a cow that 
inadequately eats to meet her energy needs, thus relying on mobilizing body tissues, 
especially during early lactation. 
 As with many quantitative traits, there is no major gene that underlies differences in 
feed efficiency.  This does not mean, however, that improving feed efficiency genetically is 
impossible or not worthwhile.  Nor does this mean that identification of genes that impact 
feed efficiency is impossible or not worthwhile.  As with many aspects of life, the 
contributions of many small things can make big differences.  This study identified two key 
candidate genes that may underlie genetic variation in RFI, beta-3 adrenergic receptor gene 
(ADRB3) and the gene that encodes the hormone leptin (LEP).  Although the region that 
harbors ADRB3 explained a significant amount of the genetic variation for RFI in 
primiparous cows, ADRB3 is a relatively novel candidate gene for feed efficiency in lactating 
dairy cows.  On the other hand, even though the QTL harboring LEP fell short of the 
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significance threshold, the influences of LEP on feed efficiency and feed intake has been 
widely studied in many livestock and model organisms (Frühbeck et al., 1998; Wylie, 2011). 
 Chapter 2 also brought to light a genotype by environment, or specifically in this 
case, a genotype by parity interaction in feed efficiency.  This was most apparent by the 
genetic correlation of only 0.76 between RFI measured in first parity and RFI measured in 
second and greater parities.  Genotype by environment interactions will be ever present in the 
genetic improvement of feed efficiency, largely because of the challenge of obtaining 
adequate numbers of phenotypes for accurate genetic selection.  With dairy animals on 
commercial farms often housed and fed in groups, acquiring large numbers of individual feed 
intake observations is not routine and will likely remain this way unless recording individual 
feed intake acquires an immediate value to the dairy producer such that this investment 
becomes worthwhile, or this technology becomes incorporated into other management tools 
that are of perceived benefit to the producer.  Therefore collection of feed intake phenotypes 
will be left to research facilities where equipment, dedicated funding, and personnel are 
available for this task.  The number of institutions with these facilities is small, warranting 
the sharing of data (Green, 2009).  However, with sharing data come many styles of data 
recording, diets fed, and housing systems, all of which may have different impacts on 
different genotypes.  Despite these differences, it has been shown that merging data sets 
across countries can increase the accuracy of prediction of the genetic merit of animals 
(Banos et al., 2012; de Haas et al., 2012, 2015).     
Moving forward, genomic selection will be critical to the genetic improvement of 
feed efficiency.  Not only does it permit the increased accuracy of genomic prediction that 
reflecting Mendelian sampling permits, it is especially advantageous for a trait like feed 
132 
 
 
efficiency where phenotypes are hard to come by.  Having established a reference population 
of feed efficiency phenotypes, we can now estimate the breeding value for progeny without 
phenotypes.  However, developing a systematic approach for updating the reference 
population will be critical as accuracy declines as the number of generations between 
reference and predicted populations increases (Habier et al., 2011).  
Chapter 4 provided an example exploration of an indicator trait for feed efficiency.  
Indicator traits are most valuable when they are easily measured, have a higher heritability 
than the goal trait, and have a strong genetic correlation with the goal trait.  Under the 
premise that surface temperature is related to heat production (Montanholi et al., 2008) and 
that heat production is an invaluable use of feed, this study explored surface temperature as 
an indicator of feed efficiency in mid-lactation Holstein cows.  We demonstrated a positive 
relationship between rear leg surface temperature and RFI and that rear leg surface 
temperature was more heritable than RFI (0.29 versus 0.07).  However, the low phenotypic 
correlation and the large standard errors associated with estimates of the genetic correlations 
(0.37 ± 1.12) discouraged us from recommending implementation of surface temperature as 
an indicator trait for feed efficiency at this time.    
An indicator trait could have also been valuable in combatting the challenge of using 
the residual of a regression as the phenotype as is the case with RFI.  Many factors in 
addition to variation in feed utilization can contribute to variation incorporated into the 
residual including recording errors and variation not properly accounted for by fixed and 
random effects included in the model.  Subsequently, it has been suggested to instead of 
selecting on RFI as a standalone trait, one could include the component traits including feed 
intake, a measure of milk energy, an indicator of maintenance requirements, and a reflection 
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of body energy requirements in a selection index.  Mathematically, these two approaches 
lead to the same genetic gain (van der Werf, 2004).  However, for a breeder wanting to use 
feed efficiency with truncation selection, the selection index approach that merely 
incorporates feed intake does not work and a measure such as RFI would be useful. 
Industry-wide, a few approaches to selecting for improved feed efficiency have 
recently been released.  In April 2015, the Balanced Performance Index (BPI) was released in 
Australia and included a measure called “feed saved” (Pryce et al., 2015). This measure of 
feed efficiency combines RFI with an estimate for maintenance using BW costs such that 
cows with lower maintenance costs have an advantage.  At the same time, Holstein 
Association USA added a feed efficiency measure to their Total Performance Index (TPI) 
formula (Holstein Association USA, Brattleboro, VT).  This measure does not incorporate 
any direct measure of feed intake on individual animals.  Reflecting gross energy (GE), it 
credits cows for producing extra milk and penalizes them for expected greater maintenance 
requirements as estimated in a new Body Size Composite, which considers stature, strength, 
body depth, rump width, and dairy form of the cow.   
Overall, when selection for a new trait is implemented, we need to be able and willing 
to consider the negative impacts that it may have and try to predict them when possible.  One 
concern this dissertation addressed is the potential loss in body condition score during early 
lactation, which has been associated with poor cow health and fertility (Roche et al., 2009).  
While this was true for feed efficient cows when measured as GE, we found no difference in 
the rate that low and high RFI cows lost body condition during early or late lactation.  
Furthermore, low RFI cows carried more body condition throughout lactation, suggesting 
that improving feed efficiency would not cause cows to become metabolically stressed.  
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However, genetic correlations would need to be established between RFI and change in BCS 
throughout lactation in order to be confident that selection on reduced RFI would not have 
adverse impacts on BCS.  
Extreme tissue mobilization is only one of many concerns of selecting for improved 
feed efficiency.  One concern this study did not address is the relationship between feed 
efficiency and disease challenge, which should be considered before implementation of a 
feed efficiency measure in a breeding goal.  To that end, this study also did not explore how 
to best include a measure of feed efficiency in a breeding goal for United States dairy cattle 
and this remains a step for the near future if we are to begin selecting directly for improved 
feed efficiency. 
Conclusions 
 This dissertation contains the results of the largest known results of a genome-wide 
association study (GWAS) performed on RFI in lactating dairy cattle.  In primiparous cows, 
a region on chromosome 27 and in multiparous cows, a region on chromosome 4 explained 
the greatest proportion of total genetic variance.  These two regions harbor the genes ADRB3 
and LEP, respectively.  However, the genetic architecture of RFI remains such that no single 
locus explains a large proportion of the genetic variance of RFI, suggesting that genomic 
selection through which the majority of the genome is considered when estimating the merit 
of animals may be a strategy for the improving feed efficiency in dairy cattle, if genomic 
estimated breeding values can be accurately predicted.  Gathering phenotypes in order to 
accurately predict merit for feed efficiency will be a challenge warranting the consideration 
of indicator traits.  Regardless of the method and information used to estimate breeding 
values for feed efficiency, the potential for adverse impacts needs to be considered such that 
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selection for improved feed efficiency is not a detriment to the cow or to the people that live 
with, work with, and eat them. 
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